


FOREWORD

This report presents the results of a study conducted jointly by the Federal Highway
Administration and the National Institute of Standards and Technology to assess the feasibility of
using statistical experiment design and analysis methods to optimize concrete mixture
proportions. The laboratory phase of the study indicated that both the classical mixture method
and the factorial approach could be applied to the problem of optimizing concrete mixture
proportions. The factorial approach was used as the basis for developing an Internet-based
computer program, the Concrete Optimization Software Tool, in the second phase of this project.
This tool, accessible on the Web, allows a potential user to learn about and try this statistical
approach. This report will be of interest to materials engineers and others who are involved in
concrete construction and concrete mixture design, materials selection, and preportioning.

—7 Ul 7 N
T. Padll Teng, P.E.

Director, Office of Infr,
Research and Development

NOTICE

This document is disseminated under the sponsorship of the U.S. Department of Transportation
in the interest of information exchange. The U.S. Government assumes no liability for its
contents or use thereof. This report does not constitute a standard, specification, or regulation.

The U.S. Government does not endorse products or manufacturers. Trade and manufacturers’
names appear in this report only because they are considered essential to the object of the
document.
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Symbol When You Know Multivly By To Find Symbol
R . LENGTH
in inches : 254 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles : 1.61 kilometers km
AREA
in® square inches 645.2 square millimeters mm?
i square feet 0.093 square meters m’
yd2 square yard 0.836 square meters m*
ac acres 0.405 hectares ha
mi? square miles 2.59 square kilometers km?
VOLUME
floz fluid ounces 29.57 milliliters mL
gal gallons 3.785 liters L
# clibic feet 0.028 cubic meters m
v cubic yards : 0.765 cubic meters m*
NOTE: volumes greater than 1000 L shall be shown in m®
MASS
0z ounces 28.35 grams g
b pounds 0.454 kilograms kg
T short tons (2000 Ib) 0.907 megagrams (or "metric ton") Mg (or "t")
TEMPERATURE (exact degrees)
o Fahrenheit 5 (F-32)19 Celsius °c
or:(F-32)/1.8
ILLUMINATION
fc foot-candles 10.76 lux Ix
fi foot-Lamberts 3.426 candela/m® cd/m?
, . FORCE and PRESSURE or STRESS
bt . ‘poundforce 445 newtons N
Ib#/in® poundforce:per square-inch 6.89 kilopascals kPa

Symboi When You Know Multiply By To Find Symbol
e LENGTH
mm millimeters 0.039 inches in
m imeters 3.28 feet it
m- meters 1.09 yards yd
km kilometers 0.621 miles mi
AREA
mm’ square millimeters 0.0016 square inches in?
m’ square meters 10.764 square feet ft?
m? square meters 1.195 square yards yd?
ha hectares 2.47 acres ac
km? square kilometers 0.386 square miles mi
, : YOLUME
mb milliliters 0.034 fluid ounces floz
L liters - 0.264 gallons gal
m’ cubic meters 35.314 cubic feet ft®
m’ cubic meters 1.307 cubic yards yd®
MASS
[¢] grams 0.035 ounces 0z
kg kilograms 2.202 pounds Ib
Mg (or "t") megagrams (or "metric ton™) 1.103 short tons (2000 Ib) T
TEMPERATURE (exact degrees)
°C Celsius 1.8C+32 Fahrenheit °F
ILLUMINATION
Ix lux 0.0929 foot-candies fc
cd/m? candela/m? 0.2919 foot-Lamberts fl
o : FORCE and PRESSURE or STRESS
N newtons 0.225 poundforce Ibf
kPa kilopa’sc;als 0.145 poundforce per square inch Ibffin?

*St is the symbol for the International System of Units. Appropriate rounding should be made to comply with Section 4 of ASTM E380.
(Revised March 2003)

il




TABLE OF CONTENTS

CHAPTER 1. IDtroQuCtion cucorsssecescecoscssccrssscossssssssassssasssconsssansesassssassosascassnssssossssssossasssssasssosssss 1
1.1 Statement of Problem and Project Goals .......ccoccoveerviiiinieniiniii e, 1

1.2 SCOPE OF REPOTL .ttt 3
CHAPTER 2. Background on Statistical Methods .....ccueemmnernnnscconinsonsssssssosssssssosssossasssssossessess 5
2.1 Response Surface MethodoIogy ......oeviiiiiiiniiiiiiri s 5
2.2 EXperiment DESIZM.....cocoviriiiniiriieieni it s 5
2.2.1  MIXIUre APProach...cococoiiiieiiiiii b e 5

2.2.2 Factorial (MIV) APPIOaCh .....oceviiviiiniiniiiiiiiiii e 8

2.3  Model Fitting and Validation ... 10

2.4 OPHMIZAOM .ovuvniiiiiniiiiie et 13
CHAPTER 3. Laboratory Experiment Using Mixture APProach ....cccccceocsccsssssssorossessossssss 15
T B £330 Jo LE o1 5 (o) + URRU OO eSO PO TP RPOO PP ERRTRONt 15

3.2 Selection of Materials, Proportions, and Constraints...........ccoccvivinniiinnnneneveinneen, 15

3.3  Experiment Design Details .....ccccoooiiiiiiiniiiiiiiiiiii s 15

3.4 Specimen Fabrication and TestiNg......ccocovieviiiiiiiiiieieii e 16

3.5 Results and ANALYSIS ...eceoveereriecieciiciieiii e e 18
3.5.1 Measured ReSPONSES....ccceeiriniiviiiiiiiiniiiiiire ettt 18

3.5.2 Model Identification and Validation for 28-Day Strength.........ccooviiiiinnnnn 18

3.5.3 Models for Other REeSPONSES....cecvvvrireeriiieiiitiiite sttt 21

3.6 OPUIMIZALION 1uteerrereurereeriieereeoteeieeseneostresiissnt e s e e s s e e eneese s se s s tassansarra e st s bneesaesbeastaesrenas 21
3.6.1 Graphical OptimiZation.........coceveriremeriieniiicii 21

3.6.2 Numerical OptimiZation.........coevveeoiiriiiiiiiiiniiis e 25

3.6.3  Accounting for UnCertainty ......c.cccecevvurivvnniiiiiiniiii e 26
CHAPTER 4. Laboratory Experiment Using Factorial Approach........ccovevvcvcercessarosacssacecns 27
T N V413 (070 1113 5 o+ U OSSO OO SO RPOOPOO R 27
4.2 Selection of Materials, Proportions, and Constraints..........coceevvveerencrceenenneneneeneneees 27
4.3 Experiment Design Details ..o 28
4.4 Specimen Fabrication and TestiNg........ccevviviiviiiiiniiiiiicececiese s 28

4.5 Results and AnalySiS....ccoiivirrmieiriieerieeiire ettt e e 30
4.5.]1  RESPOMSES.ccciiiiiieriiiriiiiierieiii ettt se s sra e st s 30

4.5.2 Exploratory Data Analysis for 1-Day Strength.......cccceeccovviininiiinninninien. 30

4.5.3 Model Fitting and Validation for 1-Day Strength........ccccocoeiiiiinininnnenn 34

4.5.4 Models for Other ReSPONSES.......evvveeriereeeiiiireinicirie e riee st seaess 37

4.6 OPHIMIZALION ..eoveeerrerieeiieiiiei ettt s e sa e s n e ne s 37
4.6.1 Graphical OptimiZation.......ccoeiiviviiiieiiiiiiiii s 38

4.6.2 Numerical OptimiZation......cocuerieererieerieiiie ittt e seneenee 40

4.6.3 Accounting for Uncertainty ....ccccceceeveeviiniiiiiii e 41

il



TABLE OF CONTENTS (continued)

CHAPTER 5. Development of Interactive Web Site (COST Program) ..........cceereerercssveesons 43
5.1 IMTOAUCHION....vireeeee e e 43

5.2 Selection 0f APPIOACH ........cuviuieieieieeeeeeeeeeee et s oo 43

5.3 Considerations in DeVEIOPIMENL..............ouveveieeeeeeeeeeeeeeeeee oo 44

5.4 Description of the Software and Web Site..............oeeeeveeemeooeooooooo 45
541 INOAUCHON ......voeeeeeteetsete et 45

54.2  Overview of COST SiX-Step PIrOCESS ......cvvueveeeereeeomemeeseoeoeeoeooooeoeeeoeeoo 46

5.5 Future Considerations ...........cooeuviueuuiviueierimeeeeeeeeee e see s oo 50
ACKNOWLEDGMENTS ....cucooviiinnsnssnismnsssnenrossssnssssssssssssssssssosssenssssnsensessassasessnsensensenesssnssnnss, 51
REFERENCES....cciecicmrnnmnmmnssnisnessesssssssssonsassstsssasssssssssssssssssssessossssesssssssssssssensssssnssmsomssnnsnns e 53
APPENDIX A. Experiment Design and Data Analysis for Mixture Experiment............... A-1
A.1 Experiment Design and Response Data..............o.oooomvemvomoooooooooooooooooooo A-1
A.2 Data Analysis and Model Fitting ............o..ovoveeveeveeesesesesosooooooooooooooooo A-4
A2T SIIMD oot A-4

A2.2 1-Day SIENgth ..ot oo A-9

A.2.3 28-Day Srength.......ccoeeerieiiiirieeeeeeee oo A-15

A.2.4 RCT Charge Passed .......ceueuiueiueverinieeceeeeeesoeceseee oo A-21
APPENDIX B. Experiment Design and Data Analysis for Factorial Experiment .............. B-1
B.1 Experiment Design and Response Data.............co.oveveveevomeesesooooeooooooooooooooooo B-1
B.2 Data Analysis and Model Fitting ..............coovveveernorerormoeeeooeoeooooooooooo B-4
B.2.T SIUID oo et B-4

B.2.2 1-Day Srength .....ccocoveieioiiieiceececeeeeeeeee oo B-11

B.2.3 28-Day SENGth ...covvuruvirireieiriieeeieeeeeees e e B-18

B.2.4 RCT Charge Passed (COULOMDS) ..........oouevereerereeeeeeeeeeeoeeeeoeooeoeoeoooeo B-25
APPENDIX C. COST USEI’S GUIBC.cuerererrcrnorersseneseseesssesmnsnssssssessasssssssssssssessmsessmsenemnensne, C-1
ADSITACE .....cvoi ettt e e e e C-2
SeCtON 1. OVEIVIEW ...ttt C-3
CL1 INOQUCTION. ... ..voveces ettt C-3
CL.2 SCOPEvetieiiie ettt e e C-4
C1.3 System REqUITEMENTS..........coovuvvrereereireierenseeeeeeeeeeees e e C-4
CLA DISCIAIMET ... C-5
C1.5 General InfOrmation............coeuiriimuiieiirecseceeeeee oo oo C-5
C1.5.1 COST Homepage and Main MeNU.............coorvvoreremeerereosoeeoosooooooooooooo C-5

Section 2. UsiNg COST ..ot C-9
C2.1 Background and Preliminary P1anning ...............ocooeovvooooooooeooeoooeooooo C-9
C2.1.1 RESPOMSES .....ccceuvvriaitititietitete s ree et ee oo C-9

C2.1.2 FACIOTS ...ttt et C-10

C2.2 Step 1-—Specify RESPONSES...uvueureevererereieireeeeeeeeeeesrereees oo C-12

v



C2.3.1 Instructions for Section 1: Number of Parameters (Factors) to Vary ............ C-14

C2.3.2 Instructions for Section 2: Select W/C OF W/CI c.vooviveveeeeeeeeeeeeeeeeeerer, C-14
C2.3.3 Instructions for Section 3: Select Other Mixture Components...................... C-15
C2.3.4 Specific Instructions for Mineral AAMIXTUIES.........cooveveeirererereireeeereresnens C-16
C2.3.5 Specific Instructions for Chemical AAmMIXtUIes......cocooveeveercerveverereerreranan, C-16
C2.3.6 Specific Instructions for AgEregates ........ovvuiiiuivuieemiereeeeeeeeeeeeeeerererereerennnss C-17
C2.3.7 Instructions for Section 4: Additional Information...............ov.vv......... R C-17
C2.4 Step 3—RuUN THal BAtCRES. ...c.ccvveiriiiiietiecree oot se s C-20
C2.4.1 Guidelines for Running Trial Batches.........oovveverireeereeeeeeeeeeeeeeeeereenans C-20
C2.4.2 Nuisance Factors and Run Sequence Randomization.................coveeerevveeennn. C-21
C2.4.3 Running the EXPeriment.........cccveviiiuierieiirieiiieieiceeeeeseeeee e e eee e C-22
C2.5 Step 4—INPut RESUILS.....c.evieiiiiririeieeete ettt e eee e erees C-23
C2.5.1 Instructions for Changing Cost Information ............ccccoovevevecireereeeecereernnn, C-23
C2.5.2 Instructions for Entering/Editing Data..........ccocvevveveeeereeeereeeeeeeeeeeeseesersnn, C-23
C2.6 Step 5—ANALYZE Data......coccuvierriiiiirieieiteeee ettt ettt e e e C-25
C2.6.1 Instructions for Changing Response Information ...........ecoeveeeveeeerevenvvennnnnn. C-25
C2.6.2 ANALySis TaSKS....cciceveireiiieeniiiiiinieees ettt ses e C-25
C2.7 Step 6—Summarize ANALYSiS.........cccocevrerrreirieereireriniereesesesseseesesesesseseseeseesesesnenenns C-39
SECHION 3. REfEIEICES ... ettt enees C-41



3|
i
=
o

[
O W0 B WN

??????%}??MMNMMHMWMMMHH
[No R ¢"< IR B« N, N R VI S R UURE S B e BN Mo IR Bl e NIV S N

A-10

A-11

A-12

A-13

A-14

Page
Example of triangular simplex region from three-component mixture experiment ......... 6
Simplex-centroid design for three variables ... 6
Example of subregion of full simplex containing range of feasible mixtures.........c........ 8
Schematic of a central composite design for three factors ... 9
Examples of desirability fUnCtions........cccviiviniiriniiniesc e, 14
Response trace plot for 28-day strength (mixture eXperiment) .....c.cococvcoeivninenenennnn, 22
Contour plot for 28-day strength in water, cement, and HRWRA ... 23
Contour plot for 28-day strength in water, cement, and silica fume.........coooovvviiiinies 23
Contour plot for 28-day strength in water, coarse aggregate, and fine aggregate .......... 24
Contour plot for 28-day strength in silica fume, coarse aggregate, and fine aggregate .24
Desirability functions for responses in mixture eXperiment.......ocoevvviivinniviiininnnns 25
Raw data plot for 1-day strength (factorial experiment)......ccccocvviviniiiiininiin 32
Scatterplot showing effect of w/c on 1-day strength (factorial experiment) .................. 32,
Means plot for 1-day strength (factorial experiment) ... 33
Example of cube plot for factorial points ... 33
Example of a normal probability plot for model validation .........c.ccoovniviiininniiinnes 36
Example of a residual plot (residuals vs. run) for model validation..........cccoeeeins 37
28-day strength in w/c and silica fume (HRWRA at middle setting) ........cocovvveernnennn. 38
28-day strength in w/c and silica fume (HRWRA at high setting) ........cocoeeveeinvennennnn. 39
Overlay plot for RCT <700 and slump = 50-100 mm......c.ooovimiiinniiee 39
Overlay plot for RCT < 700, slump 50-100 mm, and 28-day strength > 51 MPa......... 40
Desirability functions for factorial experiment........c.ococcoviviiniiniiniciinieieces 40
Summary screen from COST ..o 49
Mixture experiment: normal probability plot for STump ......cceevvieeiei A-6
Mixture experiment: residuals vs. run for STUMDP c..c.oovevveineeiinie A-6
Mixture experiment: Cook’s distance for slump .....ccovvvvvviviviniie, A-7
Mixture experiment: trace plot for SIUMP ..o A-7
Mixture experiment: contour plot for slump in water, cement, and silica fume......... A-8
Mixture experiment: contour plot of slump in water, cement, and HRWRA............ A-8
Mixture experiment: normal probability plot for 1-day strength.........cccoeiennnne. A-11
Mixture experiment: residuals vs. run for 1-day strength ... A-11
Mixture experiment: trace plot for 1-day strength..........cocovviiiiiiiiiiiiiis A-12
Mixture experiment: contour plot of 1-day strength in water, cement, and
STHCE TUITIE v eeeeciiceriieeerie e eette e s et et e e et e s cmncesemaesenacssnsessasessnnssonnesonnnenn A-12
Mixture experiment: contour plot of 1-day strength in water, cement, and
S0 - N PR A-13
Mixture experiment: contour plot of 1-day strength in water, cement, and fine
Yo g e (=T o 11 SO OO ST TO TIPSR A-13
Mixture experiment: contour plot of 1-day strength in silica fume, HRWRA
AN fINE AZETEZALE .evveeveeieeriiiierteeiierte e et st st A-14
Mixture experiment: contour plot of 1-day strength in silica fume, coarse aggregate,
and fINE AZEIEBALE ...eeeveiiriirririirieiie e e A-14

LIST OF FIGURES

Vi



Figure
A-15
A-16
A-17
A-18
A-19
A-20
A-21
A-22
A-23
A-24

A-25
A-26

A-27
A-28

A-29
A-30

A-31
A-32
B-1

B-3
B-4

B-6
B-7

B-9
B-10

LIST OF FIGURES (continued)

Page
Mixture experiment: normal probability plot for 28-day strength........coceeeeennnce. A-17
Mixture experiment: residuals vs. run for 28-day strength........coeiniiiinninnnnne A-17
Mixture experiment: Cook’s distance vs. run for 28-day strength .......cccocoeeennece. A-18
Mixture experiment: trace plot for 28-day strength........ococoeviviiiniiniinine A-18
Mixture experiment: contour plot of 28-day strength in water, silica fume, and
HRIWRA . .ottt evtere et seesiee e s e sb e sttt s sess st smesteoneesaesbe st e s s st et e snasn e renaeeane A-19
Mixture experiment: contour plot of 28-day strength in water, silica fume, and
COATSE AZZTEZALC .evveereerearerririieiiiiis et esi et e et et e sae s s e et b e se s besbe st et a s n e s e s e sbeneasnann s A-19
Mixture experiment: contour plot of 28-day strength in cement, coarse aggregate,
and fiNE AGETEGALE ...c.ververerririirtiiii ittt A-20
Mixture experiment: normal probability plot for RCT charge passed
(N0 TrANSTOTIN oevvtiieeeierieieecee et e A-23
Mixture experiment: normal probability plot for RCT charge passed
(natural 10g transform) .....coeeevueniiiiiiiii A-23
Mixture experiment: residuals vs. predicted for RCT charge passed
(N0 TANSTOIINY ..evrnieieieeerce e A-24
Mixture experiment: residuals vs. run for RCT charge passed (no transformj ........ A-24
Mixture experiment: residuals vs. predicted for RCT charge passed
(natural 10g transform) .......cccievicirnicniniiii A-25
Mixture experiment: residuals vs. run for RCT charge passed
(natural 10g transform) .....c.ccocerviniiiniiiiinie e A-25
Mixture experiment: Cook’s distance for RCT charge passed
(natural 10g transforim) ....cocceeveeviiiiei s A-26
Mixture experiment: trace plot for RCT charge passed (natural log transform) ...... A-26
Mixture experiment: contour plot of In (RCT charge passed) in water, silica fume,
ANA COATSE AZGTEEALE .veevvrerierireieeieeeteet et sreebestess st eemseete e s e e etaesanesreenteesenesens A-27
Mixture experiment: contour plot of In (RCT charge passed) in water, silica fume,
ANA HRWRA ..ottt ettt ettt et et s eb e es e s e reeneeneennen A-27
Mixture experiment: contour plot of In (RCT charge passed) in cement, HRWRA,
ANd fINE AEEIEZALE ..eoveeereieeieiere e rte e ee st et e st s e s A-28
Factorial experiment: normal probability plot for slump......cceovvviniinniniiiicnnnen B-6
Factorial experiment: raw data plot for slump ..o, B-6
Factorial experiment: scatterplot of SITump vs. W/C ..coeovinivriiniiiiciiiiiiince B-7
Factorial experiment: scatterplot of slump vs. coarse aggregate ........occevvvvivvivninnnn B-7
Factorial experiment: scatterplot of slump vs. fine aggregate .........cocoocevviiiiininnnnn. B-8
Factorial experiment: scatterplot of slump vs. HRWRA ... B-38
Factorial experiment: scatterplot of slump vs. stlica fume .......cccocoeiiiiiiiiiininin B-9
Factorial experiment: means plots for SIUMP........ccocvviiiii B-9
Factorial experiment: slump vs. Tun SEQUENCE......cccvvviviiiiiiiiii e B-10
Factorial experiment: lag plot for slump........ccooviiiiiiini B-10

vii



LIST OF FIGURES (continued)

Page
Factorial experiment: normal probability plot for 1-day strength ...........cocoemvn...... B-13
Factorial experiment: raw data plot for 1-day strength..............cccooovemeeeiveeeonennn, B-13
Factorial experiment: scatterplot of 1-day strength vs. W/C...ooveveveveeeeeoeeveos, B-14
Factorial experiment: scatterplot of 1-day strength vs. fine aggregate ..................... B-14
Factorial experiment: scatterplot of 1-day strength vs. coarse aggregate................... B-15
Factorial experiment: scatterplot of 1-day strength vs. HRWRA .......ooovovveveriennn B-15
Factorial experiment: scatterplot of 1-day strength vs. silica fume............oovvevvn.. B-16
Factorial experiment: means plot for 1-day Strength ..........ococoevoveveeereereeee, B-16
Factorial experiment: 1-day strength vs. run SEQUENCE.........cemveeevevvverereeesoosiorios B-17
Factorial experiment: lag plot for 1-day Strength ..........cocooeveeeeeeeeeeoeoo, B-17
Factorial experiment: normal probability plot for 28-day strength .............co............ B-20
Factorial experiment: raw data plot for 28-day strength.............ccoovereevrereererern B-20
Factorial experiment: scatterplot of 28-day strength VS. W/C......ocovvveveveerievosn) B-21
Factorial experiment: scatterplot of 28-day strength vs. fine aggregate..................... B-21
Factorial experiment: scatterplot of 28-day strength vs. coarse aggregate................ B-22
Factorial experiment: scatterplot of 28-day strength vs. HRWRA..........ooovovooeevn. B-22
Factorial experiment: scatterplot of 28-day strength vs. silica fume.......................... B-23
Factorial experiment: means plot for 28-day strength ............ccoovvevoeioovoo B-23
Factorial experiment: 28-day strength vs. run S€qUENCe...........oovevevevevvvevevooonon, B-24
Factorial experiment: lag plot for 28-day Strength ...........oooeeevemeoeeoseoooo) B-24
Factorial experiment: normal probability plot for RCT charge passed.................... B-27
Factorial experiment: raw data plot for RCT charge passed...........ovevvevreveveeoeoonn. B-27
Factorial experiment: scatterplot of RCT charge passed vS. W/C....ovvovveeeeeveoroo B-28
Factorial experiment: scatterplot of RCT charge passed vs. fine aggregate............... B-28
Factorial experiment: scatterplot of RCT charge passed vs. coarse aggregate.......... B-29
Factorial experiment: scatterplot of RCT charge passed vs. HRWRA...................... B-29
Factorial experiment: scatterplot of RCT charge passed vs. silica fume................ B-30
Factorial experiment: means plots for RCT charge passed ..........ocoeeeeeeerrerererernn.. B-30
Factorial experiment: RCT charge passed vs. run SEqUENCe............ooo.vevevvrrerevennn.. B-31
Factorial experiment: lag plot for RCT charge passed ........coovoveevvveveeevereeoeoennn, B-31
COST DOMEPAZE ...ttt e e e s C-6
“Response Information” fOrm........coovieieriiiiiieees e C-12
First two sections of “Mixture Factors and Information” input form...................... C-14
Third section of “Mixture Factors...” form (mineral admixtures section)................. C-15
Third section of “Mixture Factors...” form (chemical admixtures section)............... C-16
Third section of “Mixture Factors...” form (aggregates section)..............oocoovvn.., C-17
Fourth section of “Mixture Factors...” form (additional information section) .......... C-18
Portion of an experimental plan generated by COST .....vvvvveeeeeeeeeeeeeeeeeeoe C-19
“Run Trial BatChes” SCTEON.......cooiiiiieietireeiieiieeeeeee e oo C-20

Viii



NNOQOQQ0
SR ELR =S

LIST OF FIGURES (continued)

Page
Data entry form for the COST SyStem .......oovivriiiiiiinieces C-24
Analysis menu showing individual analysis tasks........ccecevennieninininncinincnc C-25
Summary statistics table (output of analysis task 1)......cccooeviiiinininiiniiie C-26
Output of analysis task 2 (counts plot matrix of factors).........cccevvvcniinnnnne C-28
Output of analysis task 3 (counts plot matrix of factors)..........c.coceveiiirnnnincenns C-29
Output of analysis task 4.......ccoeeriiiiiiiiii e C-30
Output of analysis task SA ... C-31
Output of analysis task 5B ..o C-32
Output of analysis task 6.......c.cceevviriviininiiii e C-33
Output of analysis task 7A .......cccvviriiniiiiiii e C-34
Output of analysis task 7B ............ eeeeeeeeresateeateeaeeeresitaeteree s te s et e rese s s b e sa s s b e s s R R e s C-35
Output of analysis task 8 (for response RCT)......cccoeiiiiiiniiiiniiccen C-36
Output of analysis task T......c.ccoviniviviviiiii s C-37
Calculator for predicting responses based on models.......cocceveevevenienieniiiinieiiiiinnnn C-38
Example summary returned by the COST System......cooviveniniiiiinieieniiiicccncnns C-39

X



Table

pt
SO0 O U D WD) =

R N T T ey
O N S R S

Al

LIST OF TABLES

Page
Number of runs required for CCD experiment for k =210 5 factors).......ovvvereerevrnnnn. 10
Hxample of ANOVA sequential model sum of SQUATeS ........occovoveveeveevreeerensrerssonn 11
Example of ANOVA 18CK-0ffIt £85..euviieiiririeiieeeceeeee e ee oo 12
Example of ANOVA model fitting for 1-day Strength ......oooeeevevereeveeeereeoeeeoeooo) 13
Material volume fraction ranges for MiXture Xperiment ... ..o e vevevererereeeeesoeoseoeeooos 16
Mixture proportions for MiXture EXPErimMEnt .o i eee e, 17
Test results and costs (MIXTUre EXPETIMENI) .ooovviieeeeeeeeeeeee oo 19
Sequential model sum of squares for 28-day strength (mixture experiment)................ 20
Variable settings corresponding to coded values (factorial EXPEriment)......coevvveennennnnn. 27
Mixture proporticns (per m’) for factorial EXPEIITIEN ¢ e, 29
Test resulis and costs (factorial eXperiment) ...ooooovoveeeeeeeeeeeeeeoeoeooooo 31
Sequential model sum of squares for 1-day strength {factorial EXPETIMENnt)....ovvnnnn.. 34
Lack-of-fit test for 1-day strength (factorial experiment).......ooooomvevovevoooooo, 34
ANGV A for 1-day strength model (factorial experiment) «....o.ovvveevevovoeoooooo 35
Sumimary statistics for 1-day strength model (factorial experiment)..........ovvvevrvvn.... 36
Summary of analysis tasks and (6018 11 COST w.veveemeeeeeeeeeeoeeeeeeoeoeeeoo 49
Mixture experiment design in terms of velume fractions of components ... A-1
Mixture experiment: slump and 1-day strength ata .....oooeeveeveeeoeeosoe A-2
Mixture experiment: 28-day strength and RCT charge passed data......o.o.voveooovoooo, A-3
Mixture experiment: sequential model of squares for SRIMP......v.oveveovveeroeoe ) A-4
Mixture experiment: lack-of-fit test for STUMD wvovvvvivieeeeeeereeeeeeeeeeoeeeoo A-4
Mixture experiment: model summary statistics for SIUIIP «...ovvveveveoveveeeeeeeoeo A-4
Mixture experiment: ANOVA for slump mixture model ......oo.ooovvovoveoooooo, A-5
Mixture experiment: coefficient estimates for slurap mixture model.......ooovvvooovon) A-5
Mixture experiment: adjusted effects for slump mixture model.........oooevvevvovivl, A-5
Mixture experiment: sequential model of sum of squares for 1-day strength ............ A-9
Mixture experiment: lack-of-fit test for 1-day STength .....ooveveveeeeeeeoeeeeoo A-9
Mixture experiment: summery statistics for 1-day strength .....o.oeveeeoveeeeeeeo, A-9
Mixture experiment: ANOVA for 1-day strength mixture model......o.oovovvvveoonio. A-10
Mixture experimeni: coefficient estimates for 1-day strength mixture model ........ A-10
Mixture experiment: sequential model of sum of squares for 28-day strength ........ A-15
Mixture experiment: lack-of-fit test for 28-day Strength .o.oveeeeeeeeeeeereoeeoeo A-15
Mixture experiment: model summary statistics for 28-day strength .......o.ovvovnv..) A-15
Mixture experiment: ANOVA for 28-day strength mixture model........ovovevvnoonoo.. A-16
Mixture experiment: estimated coefficients for 28-day strength mixture model ..... A-16
Mixture experiment: adjusted effects for 28-day strength mixture model .............. A-16
Mixture experiment: sequential model of sum of squares for RCT charge passed .. A-21
Mixture experiment: lack-of-fit test for RCT charge passed......oomvevovvevevevvovno) A-21
Mixture experiment: model summary statistics for RCT charge passed................ A-21
Mixture experiment: ANOVA for RCT charge passed mixture model.................... A-21
Mixture experiment: estimated coefficients for RCT charge passed mixture model A-22
Mixture experiment: adjusted effects for RCT charge passed mixture model ... A-22



Table

B-1
B-2
B-3
B-4
B-5
B-6
B-7

B-9
B-10
B-11
B-12
B-13
B-14
B-15
B-16
B-17
B-18
B-19
B-20
B-21
B-22
B-23

C-1

C-2

Page
Factorial experiment: design by volume fraction of factors ..., B-1
Factorial experiment: slump and 1-day strength data........coooviiinne B-2
Factorial experiment: 28-day strength and RCT charge passed data.eeennieneeeeenneee, B-3
Factorial experiment: sequential model sum of squares fOr SIUMpP....coooviiininiininss B-4
Factorial experiment: lack-of-fit test for STUMpP ..ocoiiiiiii B-4
Factorial experiment: ANOVA for slump model ..o B-4
Factorial experiment: summary statistics for slump model ... B-5
Factorial experiment: coefficient estimates for slump model...........oooivinininnn, B-5
Factorial experiment: sequential model sum of squares for 1-day strength .............. B-11
Factorial experiment: lack-of-fit test for 1-day strength........oooiiiiin B-11
Factorial experiment: ANOVA for 1-day strength model ..., B-11
Factorial experiment: summary statistics for 1-day strength model.........coooiin. B-12
Factorial experiment: coefficient estimates for 1-day strength model............c...cc..., B-12
Factorial experiment: sequential model sum of squares for 28-cay strength ............ B-18
Factorial experiment: lack-of-fit test for 28-day strength.....coooooiiiiinnn. B-18
Factorial experiment: ANOVA for 28-day strength model ... B-18
Factorial experiment: summary statistics for 28-day strength model..........oocee, B-19
Factorial experiment: coefficient estimates for 28-day strength model.................... B-1%
Factorial experiment: sequential model sum of squares for RCT charge passed ......B-25
Factorial experiment: lack-of-fit test for RCT charge passed.........coooovviiiiininnn. B-25
Factorial experiment: ANOVA for RCT charge passed model.......occcoeennnninnnnn. B-25
Factorial experiment: summary statistics for RCT charge passed model................. B-26
Factorial experiment: coefficient estimates for RCT charge passed model .............. B-26
Examples of components and rESPONSES ....crererrverrersrniieeiin s C-4
Information required for different materials ..o C-11
Description of summary statistics provided in analysis task 1 ..., C-27

LIST OF TABLES (continued)

x1






CHAPTER 1
Introduction

1.1 Statement of Problem and Project Goals

The purpose of this project was to investigate the use of statistical experiment design approaches
in concrete mixture proportioning. These statistical methods are applied in industry to optimize
products such as gasoline, food products, and detergents. In many cases, the products are, like
concrete, combinations of several components. Typically, these applications optimize a product
to meet a number of performance criteria (user-specified constraints) simultaneously, at
minimum cost. For concrete, these performance criteria could include fresh concrete properties
such as viscosity, yield stress, setting time, and temperature; mechanical properties such as
strength, modulus of elasticity, creep, and shrinkage; and durability-related properties such as
resistance to freezing and thawing, abrasion, or chloride penetration.

This project was sponsored by the Federal Highway Administration (FHWA) and was performed
jointly by researchers from FHWA and the National Institute of Standards and Technology
(NIST) Building Materials and Statistical Engineering Divisions. Both FHWA and NIST hope
to facilitate the use of high-performance concrete (HPC) in both public and private construction,
and are currently working to develop tools for optimizing HPC mixture proportions.

HPC has been referred to as “engineered concrete,” implying that an HPC mixture is not
specified in a generic recipe, but rather designed to meet project-specific needs [1]. Such a
definition gives a concrete producer or materials engineer greater than usual latitude in selecting
constituent materials and defining proportions in an HPC mixture, since fewer or possibly no
prescriptive constraints, such as minimum cement contents or maximum water-cement (w/c)
ratios, are included in specifications. HPC mixtures are usually more expensive than
conventional concrete mixtures because they usually contain more cement, several chemical
admixtures at higher dosage rates than for conventional concrete, and one or more supplementary
cementitious materials. As the cost of materials increases, optimizing concrete mixture
proportions for cost becomes more desirable. Furthermore, as the number of constituent
materials increases, the problem of identifying optimal mixtures becomes increasingly complex.
Not only are there more materials to consider, but there also are more potential interactions
among materials. Combined with several performance criteria, the number of trial batches
required to find optimal proportions using traditional methods could become prohibitive.

The general approach to concrete mixture proportioning can be described by the following steps:
1. Identifying a starting set of mixture proportions.

2. Performing one or more trial batches, starting with the mixture identified in step 1 above, and
adjusting the proportions in subsequent trial batches until all criteria are satisfied.



Current practice in the United States for developing new concrete mixtures often relies upon
using historical information (i.e., what has worked for the producer in the past) or guidelines for
mixture proportioning outlined in American Concrete Institute (ACI) 211.1 [2]. Following the
ACI 211.1 guidelines, an engineer would select and run a first trial batch (selecting proportions
using ACI 211.1 or historical data), evaluate the results, adjust the proportions of various
components, and run further trial batches until all specified criteria are met. Typically, this is
performed by varying one component at a time. While both historical information and ACI
211.1 can yield a starting point for trial batches, neither method is a comprehensive procedure
for optimizing mixtures. Historical information may not be valid for materials other than the
particular ones used in a given project. In ACI 211.1, interactions among the concrete
constituents cannot be accounted for, and there is no means to achieve an efficiently optimized
mixture for a given criterion.

In contrast, statistical experimental design methods are rigorous techniques for both achieving
desired properties and determining an optimized mixture for a given set of constraints. They are
used widely in industry to optimize products and processes [3], and have been applied in some
research studies on improving high-performance concrete [4,5]. They have not, however, been
applied as a general approach to concrete mixture proportioning.

Employing statistical methods in the trial batch process does not change the overall approach,
but it changes the trial batch process. Rather than selecting one starting point, a set of trial
batches covering a chosen range of proportions for each component is defined according to
established statistical procedures [3]. Trial batches are then carried out, test specimens are
fabricated and tested, and results are analyzed using standard statistical methods. These methods
include fitting empirical models to the data for each performance criterion. In these models, each
response (resultant concrete property) such as strength, slump, or cost, is expressed as an
algebraic function of factors (individual component proportions) such as w/c, cement content,
chemical admixture dosage, and percent pozzolan replacement.

After a response can be characterized by an equation (model), several analyses are possible. For
instance, a user could determine which mixture proportions would yield one or more desired
properties. A user also could optimize any property subject to constraints on other properties.
Simultaneous optimization to meet several constraints is also possible. For example, one could
determine the lowest cost mixture with strength greater than a specified value, air content within
a given range, and slump within a given range. A method for optimizing several responses
simultaneously is described later in the report.

Mechanistic (or semimechanistic) models that were developed from results of fundamental and
applied materials research have also been used as a basis for mixture proportioning methods [6].
An advantage of this approach is that it does not require trial batches to obtain the models;
however, some trial batches most likely would be needed to adjust proportions because of
differences in material properties at the local level. It is unlikely that a mechanistic model would
be able to account for all possible differences in local materials. The advantage of the trial batch
approach is that the project-specific materials are used and accounted for in the model.



An additional advantage of the statistical approach is that the expected properties (responses) can
be characterized by an uncertainty (variability). This has important implicaticns for
specifications and for production. When an empirical model equation is used to determine
mixture proportions that yield a desired strength, the model equation gives only the expected
mean strength; that is, if replicate mixtures were made, the model equation would predict the
mean value. This is not an appropriate target value for specifications, because in the long run,
the strength would be below that value half of the time. Instead, to ensure that most of the
strength test results would comply with specifications, a producer would select target values for
the mean strength to account for the variability and to ensure that, for example, 95 percent of the
results would be expected to meet or exceed the specified value.

A disadvantage of the statistical approach is that it requires an initial investment of time and
money for planning and performing trial batches and tests. Additicnally, knowledge of good
experimentation procedures and some knowledge of statistical analysis is needed. Statistical
computer programs are available to perform both experiment design and analysis, but knowing
how to interpret and ensure the validity of statistical models is important. For this reason, the
second objective of this project was to develop an interactive Web site to provide users with
rudimentary knowledge and lead them step by step through a mixture proportioning process
using statistical methods. The aim was not to provide a comprehensive, user-friendly software
package, but rather tc introduce producers and engineers to these methods and to provide
sufficient results and guidance on interpretation to allow them to see potential advantages of the
approach.

Although these methods require a commitment of time and money upfront, they have the
potential to save money during construction. Reducing the concrete material cost by $20 per
cubic meter (m”) could result in savings of $40,000 per km of 30-cm thick, two-lane concrete
pavement.

1.2 Scepe of Report

The report is organized as follows: Chapter 1 introduces the problem and the project goals, and
describes the scope. Chapter 2 provides background on the statistical concepts used in this
project, including response surface methodology (RSM) and its components: experiment design,
model fitting and validation, and optimization. Chapter 3 describes the laboratory experiment
using a mixture experiment design approach, and chapter 4 describes a laboratory experiment
using a mathematically independent variable (MIV), or factorial, approach. Chapter 5 describes
the development of the interactive Web site, the Concrete Optimization Software Tool (COST).
References are provided after chapter 5. Appendices A (mixture experiment) and B (factorial
experiment) contain experiment designs, test data, data analysis and model fitting (tables and
graphs) from the laboratory experiments. Appendix C contains the COST User’s Guide, which
describes the COST system and its use in detail.






CHAPTER 2
Background on Statistical Methods

2.1 Response Surface Methodology

Response surface methodology (RSM) consists of a set of statistical methods that can be used to
develop improve, or optimize products [3]. RSM typically is used in situations where several
factors (in the case of concrete, the proportions of individual component materials) influence one
or more performance characteristics, or responses (the fresh and hardened properties of the
concrete). RSM may be used to optimize one or more responses {e.g., maximize strength,
minimize chloride penetration), or to meet a given set of specifications (e.g., a minimum strength
specification or an allowable range of slump values). There are three general steps that comprise
RSM: experiment design, modeling, and optimization. Each of these is described below.

Concrete is a mixture of several components. Water, portland cement, and fine and coarse
aggregates form a basic concrete mixture. Various chemical and mineral admixtures, as well as
other materials such as fibers, also may be added. For a given set of materials, the proportions
of the components directly influence the properties of the concrete mixture, both fresh and
hardened.

2.2 Experiment Design

Consider a concrete mixture consisting of ¢ component materials (where g is the number of
component materials). Two experiment design approaches can be applied to concrete mixture
optimization: the classic mixture approach, in which the ¢ mixture components are the variables,
[7] and the mathematically independent variable (MIV) approach, in which ¢ mixture
components are transformed into g-/ independent mixture-related variables [8]. Each technique
has advantages and disadvantages. In the classic mixture approach, the sum of the proportions
must be 1; therefore the variables are not all independent. This allows the experimental region of
interest to be defined more naturally, but the analysis of such experiments is more complicated.
The MIV approach, with the variables independent, permits the use of classical factorial and
response surface designs [], but has the undesirable feature that the experimental region changes
depending on how the ¢ mixture components are reduced to g-7 independent factors.

In this report, the MIV approach is referred to as the factorial approach because factorial
experiment designs form the basis of the approach. The following sections present general
(nonrigorous) descriptions of each method (for a detailed discussion of these methods, see
reference 3).

2.2.1 Mixture Approach
In the mixture approach, the total amount (mass or volume) of the product is fixed, and the

settings of each of the ¢ components are proportions. Because the total amount is constrained to
sum to one, only g-/ of the factors (component variables) can be chosen independently.



As a simple (hypothetical) example of a mixture experiment, consider concrete as a mixture of
three components: water (x;), cement (x,), and aggregate (x3), where each x; represents the
volume fraction of a component. Assume the coarse-to-fine aggregate ratio is held constant.
The volume fractions of the components sum to one, and the region defined by this constraint is
the regular triangle (or simpiex) shown in figure 1. The axis for each component x; extends from
the vertex it labels (x; = 1) to the midpoint of the opposite side of the triangle (x;=0). The
vertex represents the pure component. For example, the vertex labeled x; is the pure water
mixture with x; = 1, x;, =0, and x3 = 0, or (1,0,0). The point where the three axes intersect, with
coordinates (1/3,1/3,1/3), is called the centroid.

% {1,0,0)

£y

X, (0,1,0) *=0 x3 (0,0,1)

Figure 1. Example of triangular simplex region from three-component
mixture experiment

A good experiment design for studying properties over the entire region of a three-component
mixture would be the simplex-centroid design shown in figure 2 (this example is included as an
illustration only, since much of this region would not represent either feasible or workable

%, (0,1,0) %3 (0,0,1)

Figure 2. Simplex-centroid design for three variables



concrete mixtures). The points shown in figure 2 represent mixtures included in the experiment
and include all vertices, midpoints of edges, and the overall centroid.

All responses (properties) of interest would be measured for each mixture in the design and
modeled as a function of the components. Typically, polynomial functions are used for
modeling, but other functional forms can also be used. For three components, the linear
polynomial model for a response y is:

'

Y =by+ byx; T brxs v bsxs T e @

where the b; * are constants and e, the random error term, represents the combined effects of all
variables not included in the model. For a mixture experiment, x, + x, + x, = 1; therefore, the

model can be reparameterized in the form:
y = bx tbyx, +hx, e 2)
using b, = b, - (x, +x, + x,). This form is called the Scheffé linear mixture polynomial [7].

Similarly, the quadratic polynomial:
3
y = by b x, Fhyx, ¥ b, +boxx, +bixx, +byx,x, + b x] +by,x) +byx; +e @
can be reparameterized as:

y = bx +b,x, tbx; +b,xx, +b X x; +byyx,%, +e€

using x2 =x, (1= x, —x,), %2 =%, (1—x, —x;),andx; =x, - (1-x ~x,).

Since feasible concrete mixtures do not exist over the entire region shown in figures 1 and 2, a
subregion of the full simplex containing the range of feasible mixtures must be defined by
constraining the component proportions. An example of a possible subregion for the three-
component example is shown in figure 3. It is defined by the following volume fraction
constraints (where x; = water, x, = cement, x3 = aggregate):

0.15< x; £0.25
0.10< x; £0.20
0.60 < x; <0.70

In this case the simplex designs are usually no longer appropriate and other designs are used [3].



%, (0,1,0) X3 (0,0,1)

Figure 3. Example of subregion of full simplex containing range of feasible mixtures

The advantage of the mixture approach is that the experimental region of interest is defined more
naturally; however, analysis of the results can be complicated, especially if the number of
components is greater than three.

2.2.2 Factorial (MIV) Approach

In the factorial approach, the ¢ components of a mixture are reduced to g-/ independent variables
using the ratio of two components as an independent variable. In the case of concrete, w/c is a
natural choice for this ratio variable. For the situation with g-7 independent variables, a 24
factorial design forms the backbone of the experiment. This design consists of several factors
(variables) set at two different levels. As a simple example, consider a concrete mixture
composed of four components: water, cement, fine aggregate, and coarse aggregate. Three
independent factors, or variables, x, that can be selected to describe this system are x; = w/c (by
mass), x; = fine aggregate volume fraction, and x; = coarse aggregate volume fraction.
Reasonable ranges for these variables might be:

0.40 <x; <0.50
0.25 <x,<0.30
0.40 < x3<0.45

The levels for this example would be 0.40 and 0.50 for x;, 0.25 and 0.30 for x,, and 0.40 and 0.45
for x3. To simplify calculations and analysis, the actual variable ranges are usually transformed
to dimensionless coded variables with a range of 1. In this example, the actual range of

0.40 < x; < 0.50 would translate to a coded range of -1 < x; <1. Intermediate values of x; would
translate similarly (e.g., the actual value of 0.45 would translate to a coded value of zero). The
general equation used to translate from coded to uncoded is as follows:

(Feoea +1)
Kactual = Xmin T Lez— ) (xmax - xmin) (S)



where X,cnq is the uncoded value, x,,,, and X, are the uncoded minimum and maximum values
(corresponding to —1 and +1 coded values), and x,,4 is the coded value to be translated.

Suppose that the specifications for this mixture require a slump of 75 to 150 mm and a 28-day
strength of 30 MPa. These specified properties are called the responses, or dependent variables,
¥i, which are the performance criteria for optimizing the mixture. For concrete, the responses
may be any measurable plastic or hardened properties of the mixture. Cost may also be a
response.

As with the mixture approach, empirical models are fit to the data, and polynomial models
(linear or quadratic) typically are used. Equation 6 illustrates the general case of the full
quadratic model for £ =3 independent variables:

y = b0+b1x,+b2x2+b3x3+b12x1x2+b13x1x3+b23x2x3+b1,x12+b22x22+b33x32+e 6)

In equation 6, the ten coefficients are represented by the b; and e is a random error term
representing the combined effects of variables not included in the model. The interaction terms
(xi%;) and the quadratic terms (x;°) account for curvature in the response surface.

The central composite design (CCD), an augmented factorial design, is commonly used in
product optimization. A complete CCD experiment design allows estimation of a full quadratic
medel for each response. A schematlo layout of a CCD for & = 3 independent variables is shown
in figure 4. The design consists of 2¢ (in this case, 8) factorial points (filled circles in figure 4)
representing all combinations of coded values x; = £1, 2*k (in this case, 6) axial points (hollow
circles in figure 4) at a distance +o from the origin, and at least 3 center points (hatched circle in
figure 4) with coded values of zero for each x;. The value of o usually is chosen to make the
design rotatable’, but there are sometimes valid reasons to select other values [3].

Figure 4. Schematic of a central composite design for three factors

'If a design is rotatable, predicted values should have equal variances at locations equidistant from the origin.



In the absence of curvature, a model with only linear terms would be sufficient, and the factorial
portion of the CCD is a valid design by itself in that case. However, the presence or absence of
significant curvature often is not known with certainty at the start. An advantage of the CCD
over the mixture approach is that the CCD can be run sequentially in two blocks. The first block
would consist of the facterial points (all combinations of x; = £1) and some center points (at least
3), and the second block would consist of the axial points (points along each axis at distance o
from the origin} and additional center points (at least 2). This approach allows analysis of the
factorial portion before the axial portion is run. If curvature is insignificant based on the
factorial portion, the additional runs are not necessary.

As shown in table 1, the number of coefficients in the quadratic model increases with %, and the
number of trial batches required using a CCD begins to increase significantly for £ > 5.

Table 1. Number of runs required for CCD experiment for k =2 to 5 factors

k Factorial Axial Center® Total
2 4 4 5 13
3 8 6 5 19
4 16 8 ‘5 29
5 16%* 10 5 31

*assumes 3 CP for factorial portion and 2 CP for axial portion

**for k=5, a half-fraction of the full factorial is sufficient tc estimate all linear terms
and 2-factor interactions without confounding. Thus, 2*" or 16 factorial points are
usually sufficient

Therefore, using 2 CCD to optimize a concrete mixture of more than six components may be
uneconomical. In such cases, one could identify the most important factors and limit them to
five or fewer. For example, if the cementitious materials and chemical admixtures were the most
important components, they would be varied, while the amounts of coarse and fine aggregate
would be held constant.

Laboratory experiments were conducted using the mixture and factorial approaches to see if one
was more appropriate for concrete mixture optimization. The experiments are described in
chapters 3 and 4. The adaptability of each method for use as an interactive, Web-based program
was also considered in developing the COST software, described in chapter 5.

2.3 Model Fitting and Validation

The polynomial models described in sections 2.2.1 and 2.2.2 are fit to data using analysis of
variance (ANOVA) and least squares techniques [9]. Many statistical software packages have
the capability to perform these analyses and fits. Once a model has been fit, 1t is important to

verify the adequacy of the chosen model quantitatively and graphically.

Although the models (polynomials) are slightly different for the classical mixture approach and
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the factorial approach, many of the steps involved in model selection and fitting are the same.
The first step in each case is to perform ANOVA to select the appropriate type of model (linear,
quadratic, etc.). Sequential F-tests are performed, starting with a linear model and adding terms
(quadratic, and higher if appropriate). Under the “Source” column of the ANOVA table, the line
labeled “Linear” indicates the significance of adding linear terms, and the line labeled
“Quadratic” indicates the significance of adding quadratic terms. The column labeled “DF”
shows the degrees of freedom for each source. The F-statistic is calculated for each type of
medel, and the highest order model with significant terms normally would be chosen.
Significance is judged by determining if the probability that the F-statistic calculated from the
data exceeds a theoretical value. The probability decreases as the value of the F-statistic
increases. If this probability is less than 0.05 (typically, although other levels of significance
could be used), the terms are significant and their inclusion improves the model. An example of
an ANOV A table for sequential model sum of squares is shown in table 2.

Table 2. Example of ANOVA sequential model sum of squares

Source Sum of Squares| DF | Mean Square] F Value | Prob>F
Mean 329.27 1 329.27 — -
Linear 96.94 5 19.39 45.64 < {.0001
Quadratic 6.36 15 0.42 1.00 0.5017
Special Cubic (aliased) 3.35 7 0.48 1.26 0.3727
Cubic (aliased) 0.00 0 — - -
Residual 3.03 8 0.38 - -
Total 438.95 36 12.19 — -

In this example, the linear model is the highest order model with significant terms (Prob > F is
less than 0.05); therefore, it would be the recommended model for this data. Typically, the
selected model will be the highest order polynomial where additional terms are significant and
the model is not aliased.

Once the type of model (e.g., linear, quadratic, etc.) is selected, the second step is to perform a
lack-of-fit test, also using ANOVA, to compare the residual error to the pure error from
replication. Table 3 is an example of ANOVA for lack of fit. If residual error significantly
_exceeds pure error, the model will show significant lack of fit, and another model may be more
appropriate.

The desired result in a lack-of-fit test is that the model selected in step 1 will not show significant
lack of fit (i.e., the F test will be insignificant). If the “Prob > F” value is less than the desired
significance level (often .05), this indicates significant lack of fit.

Several summary statistics can be calculated for a model and used to compare models or verify
model adequacy. These statistics include root mean square error (RMSE), adjusted r°,
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Table 3. Example of ANOVA lack-of-fit test

Seource Sum of Squares | DF | Mean Square | F Value | Prob>F
Linear 6271.93 22 285.09 1.17 0.4335
Quadratic 2164.86 7 309.27 1.27 0.3703
Special Cubic (aliased) 0.00 0 - - —
Cubic (aliased) 0.00 0 - — —
Pure Error 1950.91 8 243.86 — -

predicted 1%, and prediction error sum of squares (PRESS). The RMSE is the square root of the
mean square error, and is considered to be the standard deviation associated with experimental
error. The adjusted 1° is a measure of the amount of Vanatlon about the mean explained by the
model, adjusted for the number of parameters in the model’. The predicted 1> measures the
amount of variation in new data explained by the model. PRESS measures how well the model
fits each point in the design. To calculate PRESS, the model is used to estimate each point using
all of the design points except the one being estimated. PRESS is the sum of the squared
differences between the estimated values and the actual values over all the points. A good model
will have a low RMSE, a large predicted 1%, and a low PRESS.

After a model is selected, standard linear regression techniques (least squares) are used to fit the
model to the data. ANOV A is performed and an overall F- ‘test and lack-of-fit test confirm the
applicability of the model. Summary statistics (r*, adjusted r*, PRESS, etc.) and the standard
error for each model coefficient also are calculated.

For the factorial approach, an iterative model fitting process was used in this research. First, 2
full quadratic (or linear, if applicable) model is assumed, and significance tests (t-tests) are
performed on each model coefficient. Insignificant terms are removed and the fitting process is
repeated using a partial quadratic (or linear, if applicable) model. The significance tests are
repeated and insignificant terms, if any, are removed. The process is repeated until there are no
insignificant terms. At this point, if the model contains two-factor interaction or quadratic terms,
it is checked for hierarchy. Hierarchical terms are linear terms that may be insignificant by
themselves but are part of significant higher order terms. For example, x; and x; are hierarchical
terms of xx3, a two-factor interaction term. If x;x; is a significant term in the model, x; and x;
are usually included in the model to maintain hierarchy. A hierarchical model allows for
conversion of models between different sets of units (for a model involving temperature,
conversion from F to C, for example).

Table 4 shows an ANOV A table for a selected model from a factorial experiment. Using the
iterative approach, a reduced quadratic model was fit to the data. Note that terms B, C, and E are
not significant (“Prob > F” >.05) but were added back into the model to make it hierarchical.

*The adjusted r° differs from the “standard” 1%, which is not adjusted for the number of parameters. The standard r
can be made larger by adding more parameters to the model. This does not necessarily mean the model with more
parameters is a better model.
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Table 4. Example of ANOVA model fitting for 1-day strength

Source s(;’;‘;r‘fefs DF sﬁf?i‘e F Value | Prob>F
Model 240.87 8 30.11 27.76 < 0.0001
A 213.26 1 213.26 196.66 < 0.0001
B 0.48 1 0.48 0.45 0.5113
C 0.04 1 0.04 0.04 0.8433
E 2.06 1 2.06 1.90 0.1819
A2 6.20 1 6.20 5.72 0.0257
AC 5.15 1 5.15 475 0.0404
AE 7.16 1 7.16 6.60 0.0175
BC 6.51 1 6.51 6.00 0.0227
Residual 23.86 22 1.08 - -
Lack of fit 19.08 18 1.06 0.89 0.6248
Pure error 478 4 1.19 - -
Corr. total 264.72 30

Once the model fitting is performed, the next step is residual analysis to validate the assumptions
used in the ANOVA. This analysis includes calculating case statistics to identify outliers and
examining diagnostic plots such as normal probability plots and residual plots. If these analyses
are satisfactory, the mode] is considered adequate, and response surface (contour) plots can be
generated. Contour plots can be used for interpretation and optimization.

2.4 Optimization

When appropriate models have been established, several responses can be optimized
simultaneously. Optimization may be performed using mathematical (numerical) or graphical
(contour plot) approaches. Generally, graphical optimization is limited to cases in which there
are only a few responses.

Numerical optimization requires defining an objective function (called a desirability or score
function) that reflects the levels of each response in terms of minimum (zero) to maximum (one)

desirability. One approach uses the geometric mean of the desirability functions for each
individual response, where # is the number of responses to be optimized [10]:

D=(d xd,x...xd )" Y]

13



Another approach is to use a weighted average of desirability functions:

D:(wlxdl+w2xd2+...+wnxdn) (8)

n

where 7 is the number of responses and w; are weighting functions ranging from 0 to 1.

Several types of desirability functions can be defined. Common types of desirability functions
are shown in figure 5.

minimum maximum target

T~ 7 _ _

linear (decr.) linear {incr.) within range

Figure 5. Examples of desirability functions

These functions can also be expressed mathematically as well. For example, a linear desirability
function where minimum is best would be expressed as:

d:[‘B"—Y"} ©)

for the range A; <¥; <B; and with w; = 1.

Once the desirability functions (and weights, if used) are defined for each response, optimization
may proceed.

As an altemative to rigorous numerical methods, desirability can be evaluated by superimposing
a grid of points at equal spacing over the experimental region and evaluating desirability at each
point. The point(s) of maximum desirability can be found by sorting the results or by creating
contour plots of desirability over the grid area.
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CHAPTER 3
Laboratory Experiment Using Mixture Approach

3.1 Introduction

This chapter describes the application of a statistically designed mixture experiment to the
problem of optimizing properties of HPC. In a mixture experiment, the total amount (mass or
volume) of the mixture is fixed, and the factors or component settings are proportions of the total
amount. For concrete, the sum of the volume fractions is constrained to sum to one (as in the
ACI mix design approach). Since the volume fractions must sum to unity, the component
variables in a mixture experiment are not independent.

A mixture experiment was designed to find the optimum proportions for a concrete mix meeting
the following conditions: slump of 50 to 100 mm, 1-day compressive strength of 22.06 MPa, 28-
day compressive strength of 51.02 MPa, 42-day charge passed in American Society for Testing
and Materials (ASTM) C1202 “rapid chloride” test (RCT) less than 700 coulombs, and minimum
cost. The materials (components) used included water, cement, silica fume, high-range water-
reducing admixture (HRWRA), coarse aggregate, and fine aggregate.

3.2 Selection of Materials, Proportions, and Constraints

The proportions for the six-component mixture experiment initially were selected in terms of
volume fraction and converted to weights for batching. The minimum and maximum levels of
each component were chosen based on typical volume fractions for non-air-entrained concrete
with the constraint that the volume fractions sum to unity. In addition to the individual
constraints on each component, the paste fraction of the concrete (water, cement, silica fume, and
HRWRA) was required to range from 25 to 35 percent by volume. Although air is incorporated
into concrete during mixing, it is not an initial component and therefore was not considered to be
a component of the mixture. Ignoring the air content as a mix component affects yield
calculations, but these are not important for the small trial batches and can be adjusted later after
a final mix is selected. '

The materials used in this study included a Type I/II portland cement, tap water, #57 crushed
limestone coarse aggregate, natural sand, silica fume (in slurry form), and a naphthalene
sulfonate-based HRWRA meeting ASTM C494 Type F/G. The final volume fraction ranges of
the 6 mixture components are shown in table 5. The volume fractions were converted to
corresponding weights using the specific gravities and percent solids (where applicable) obtained
from laboratory testing or from the material supplier.

3.3 Experiment Design Details
Selecting an appropriate experiment design depends on several criteria, such as ability to

estimate the underlying model, ability to provide an estimate of repeatability, and ability to check
the adequacy of the fitted model. The “best” experiment design depends on the choice of an
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Table 5. Material volume fraction ranges for mixture experiment

Component ID Minimum. Maximumt
volume fraction | volume fraction
Water X .16 185
Cement X 13 15
Silica fume X3 013 .027
HRWRA X4 .0046 .0074
Coarse aggregate Xs 40 4424
Fine aggregate X6 25 2924

underlying model which will adequately explain the data. For this experiment, the following
quadratic Scheffé polynomial was chosen as a reasonable model for each property as a function
of the six components:

y =bx + ..+ bx, +b,xx, + ..+ bgx;x, +e (19)

This model is an extension of equation 4 for the 6-component case. Because there are 21
coefficients in the model, the design must have at least 21 runs (21 distinct mixes) to estimate
these coefficients. In addition to the 21 required runs, 7 additional runs (distinct mixes) were
included to check the adequacy of the fitted model, and 5 mixes were replicated to provide an
estimate of repeatability. The replicates were required to test the statistical significance of the
fitted coefficients. Finally, a single mix was replicated during each week of the experiment to
check statistical control of the fabrication and measurement process. In all, a total of 36 mixes
were planned.

Commercially available computer software for experiment design was used to design and
analyze the experiment. The program selected 36 points from a list of candidate points that is
known to include the best points for fitting a quadratic polynomial. A modified-distance design
was chosen to ensure that the design selected could estimate the quadratic mixture model while
spreading points as far away as possible from one another.

Table 6 summarizes the mixture proportions used in the experiment. The run order was
randomized to reduce the effects of extraneous variables not explicitly included in the
experiment. The first three mixes were repeated at the end of the program (runs 37, 38, and 39),
because an incorrect amount of water was used in batching the mixes. The test results from the
incorrectly batched mixes were not included in the subsequent analysis. Of the final 36 mixes, 8
were replicates (one each from mixes 5, 11, 20, 38, 71 and three from mix 127).

3.4 Specimen Fabrication and Testing

Thirty-nine batches of concrete, each approximately .04 m’ in volume, were prepared over a
four-week period. A rotating-drum mixer with a 0.17 m® capacity was used to mix the concrete.
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Table 6. Mixture proportions for mixture experiment

Design | Run Order | Water | Cement | Silica [HRWRA | Coarse Fine w/(e+st)
D (kg) (kg) | Fume 4} Aggregate| Aggregate
(kg) (kg) (kg)
5(r) 7,22 122.3 312.9 45.4 3.52 867.6 506.3 0.35
11(r) 6,23 141.4 312.9 21.9 3.52 845.3 506.3 0.43
13 15 122.3 312.9 21.9 3.52 810.1 592.2 0.37
15 2* 38 126.6 361.1 45.4 5.66 810.1 506.3 0.32
16 8 122.3 312.9 21.9 3.52 895.9 506.3 0.37
20(x) 13,34 141.4 312.9 21.9 3.52 810.1 541.8 0.43
22 4 141.4 354.8 21.9 3.52 810.1 506.3 0.38
28 16 122.3 312.9 45.4 3.52 810.1 563.8 0.35
37 30 122.3 337.0 45.4 5.66 810.1 537.9 0.33
38(r) | 3% 26,39 135.0 341.1 45.4 3.52 810.1 506.3 0.36
48 28 131.8 312.9 21.9 5.66 810.1 561.2 0.41
63 27 131.8 312.9 45.4 5.66 836.6 506.3 0.38
65 31 122.3 337.0 45.4 5.66 841.7 506.3 0.33
66 25 122.3 3129 45.4 5.66 836.0 532.2 0.35
70 29 122.3 361.1 21.9 4.59 810.1 548.8 0.33
71(r) 5,35 122.3 361.1 21.9 5.66 829.9 526.1 0.33
78 11 141.4 312.9 45.4 5.66 810.7 506.9 0.41
87 24 122.3 312.9 21.9 3.52 853.0 549.2 0.37
89 19 122.3 337.0 21.9 3.52 810.1 571.9 0.35
91 9 141.4 312.9 21.9 5.66 824.9 521.1 0.43
98 17 122.3 337.0 21.9 3.52 875.7 506.3 0.35
101 10 130.8 361.1 21.9 3.52 832.8 506.3 0.35
103 14 122.3 361.1 21.9 4.59 852.6 506.3 0.33
110 21 130.8 361.1 21.9 3.52 810.1 529.0 0.35
116 33 131.8 312.9 454 5.66 810.1 532.8 0.38
123 36 122.3 337.0 33.6 4.59 834.4 530.6 0.34
127(c) 1*521,23718’ 131.5 335.8 21.9 4.59 §29.9 526.1 0.38
163 20 126.6 3233 27.8 5.12 857.5 513.6 0.37

Notes: Aggregate masses are in dry condition

(r) replicated mix

(c) control mix
* mix that was repeated due to incorrect batching
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Each batch included sufficient concrete for two slump tests, two fresh air content (ASTM C231)
tests, two unit weight tests, and ten 100 mm x 200 mm cylinders. The cylinders were fabricated
in accordance with ASTM C192. To obtain adequate consolidation, cylinders for concretes with
slumps less than 50 mm were vibrated on a vibrating table; otherwise, the cylinders were rodded.
The cylinders were covered with plastic and left in the molds for 22 hours, after which they were
stripped and placed in limewater-filled curing tanks for moist curing at 23 £2°C.

Compressive strength tests (ASTM C39) were conducted on the cylinders at the ages of 1 day
and 28 days. In most cases, three cylinders were tested for each age. A fourth test was
performed in some cases if one result was significantly lower or higher than the others. Before
testing, the cylinder ends were ground parallel to meet the ASTM C39 requirements using an
end-grinding machine designed for this purpose. The three remaining cylinders from each batch
were used for “rapid chloride” testing according to ASTM C1202. Three 50-mm thick slices
taken from the middle sections of the concrete cylinders were tested at an age of 42 days.

3.5 Results and Analysis
3.5.1 Measured Responses

The average values for slump, 1-day strength, 28-day strength, and RCT charge passed for each
batch are shown in table 7, along with the estimated cost per cubic meter of concrete. The cost
of each batch was calculated from the mix proportions using approximate costs for each
component material obtained from a local ready-mix concrete producer. For each of the four
responses, a model was fit using least-squares methods, validated (by examining the residuals for
trends and outliers), and interpreted graphically using contour and trace plots. The statistical
analysis is described in detail for 28-day strength. The analyses for the other properties were
performed in a similar manner. ANOVA tables, model statistics, and plots for all responses are
included in Appendix A.

3.5.2 Mode! Identification and Validation for 28-Day Strength

In this section, a detailed description of the process of model identification and validation is
provided for the response 28-day strength. The models for other responses were identified and
validated in the same way. Those models are presented in the next section.

The first step in the analysis is to select a plausible model. Even though the experiment design
used permits estimation of a quadratic model, a linear model may provide a better fit to the data.
ANOVA is used to assess the different models.

ANOVA results for 28-day strength are shown in table 8. In this table, each row tests whether
the coefficients of certain model terms are equal to zero. For example, the row with source

“I inear” tests whether the coefficients of the linear terms are equal to zero. A low value (say,
less than 0.05) of “Prob > F , also called the p-value, supports the conclusion that the
coefficients differ from zero and should be included in the model. For the data in table 7, the
“Prob > F” is 0.0011; therefore, the linear terms should be included in the model. The row with
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Table 7. Test results and costs (mixture experiment)

Design Stlump | I-Day Str 28-Day 42-Day Cost
D Run (mm) (MPa) Str RCT S/ m)
(MP3a) | (coulombs)

22 4 67 21.5 48.2 1278 95.18
71 5 57 27.0 55.2 862 102.22
11 6 102 16.8 48.5 1162 91.32
5 7 13 22.4 48.5 387 118.85
16 8 35 21.6 53.1 776 62.20
91 9 200 16.8 60.4 1027 96.89
101 10 22 26.6 53.6 744 96.24
78 11 127 19.2 51.7 492 123.56
127 12 99 21.5 50.2 842 96.67
20 13 118 18.2 50.9 903 91.32
103 14 64 27.4 54.6 583 99.42
13 15 57 21.8 53.2 684 92.20
28 16 29 22.2 53.6 292 118.85
98 17 32 25.3 51.9 604 94.41
127 18 92 22.3 54.1 847 96.67
89 19 38 21.8 54.3 720 94.41
163 20 95 22.1 60.8 554 103.80
110 21 51 24.7 53.2 792 96.24
5 22 25 23.4 54.1 348 118.85
11 23 114 16.5 48.0 968 91.32
87 24 67 22.9 51.0 700 92.20
66 25 76 24.7 59.8 316 124.44
38 26 29 23.0 53.2 390 120.85
63 27 124 21.7 55.2 302 123.99
48 28 171 23.0 58.1 682 97.34
70 29 51 27.5 54.5 505 99.42
37 30 35 273 56.0 245 126.65
65 31 32 27.2 51.1 310 126.65
127 32 121 22.4 57.2 636 96.67
116 33 114 23.9 56.2 356 123.99
20 34 127 18.6 51.6 820 91.32
71 35 108 28.8 65.3 553 102.22
123 36 9% 26.6 61.0 340 110.53
127 37 102 24.2 54.6 640 96.67
15 38 51 28.8 58.1 239 128.68
38 39 25 23.6 54.5 332 120.85
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Table 8. Sequential model sum of squares for 28-day strength (mixture experiment)

Source | Sum of Squares | DF | Mean Square | F Value | Prob>F
Mean 106212.98 1 106212.98 - —
Linear 257.52 5 51.50 5.46 0.0011
Quadratic 135.19 15 9.01 0.92 0.5665
Residual 147.62 15 9.84 - —
Total 106753.31 36 2965.37 - -

- source “Quadratic” tests whether any quadratic coefficients differ from zero. Since the “Prob
>F” of 0.5667 exceeds 0.05, the quadratic terms should not be included in the model.

A lack-of-fit test can also be performed using ANOVA. To do so, the residual sum of squares 1s
partitioned into lack-of-fit and pure error (from replicates) components. The mean squares and
F statistic are calculated, and the “Prob > F” is determined. The desired result is an insignificant
lack-of-fit, indicated by a “Prob > F” greater than 0.05. For 28-day strength, the lack-of-fit test
for the linear model gives “Prob > F” equal to 0.7193, which is insignificant (the ANOVA tables
for the lack-of-fit test for 28-day strength and the other responses are provided in Appendix A).

The resulting linear model for 28-day strength (y;), fit by least squares, is

$, =—45.22x, +89.15x, —3.81x, +1972 x, +38.36x; +87.19x (1D

with the residual standard deviation s = 3.07 MPa. The residual standard deviation s is defined

as:
5= Z(yi_j},’)z
\  n-»p

where the number of observations n = 36 and the number of parameters in the fitted model p = 6.
A value of s near the repeatability value (replicate standard deviation) is an indication of an
adequately fitting model. The repeatability value is 3.39 MPa, which is close to s.

(12)

Residual plots are used to validate the fitted model. The residuals are the deviations of the
observed data from the fitted values, y; - $;. The residual y; - §;. estimates the error terms e; in the
model. The ¢; are assumed to be random and normally distributed with mean zero and constant
standard deviation. The residuals, which estimate these errors, should exhibit similar properties.
Essentially, an adequate model should capture all information in the data leaving structureless,
random residuals. If structure remains in the residuals, residual plots often will suggest how to
modify the model to remove the structure. In this study, plots of residuals versus run sequence
and a plot of the control mix results revealed a linear trend in the data for each response.
However, because the run sequence was randomized, this trend had little impact on the fitted
models.
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3.5.3 Models for Other Responses

Using the same procedure described above for 28-day strength, the following models were fit to
slump (y2), 1-day strength (y3), and 42-day charge passed (ys):

P, = 2166.5x, ~2390.5x, —3401.2x, + 24268x, —204.83x, +169.90x, (13)

¥y ==1209.1x, +1775.9x, - 74.712x, —11969x, + 59.589x, ~105.24x, 14)
+4214.9x x, — 5603.1x,x, +43782x,x, +44781x,x,

In($,) = 20.82x, +0.629x, — 52.33x, —23.40x, + 7.24x, + 3.19x, (15)

Linear models were adequate for all responses except 1-day strength, for which the fitted model
includes 4 quadratic terms that were found to be significant. A natural logarithm transform was
used to model 42-day charge passed because residual plots showed that the standard deviation of
the data for charge passed was proportional to the mean.

3.6 Optimization
3.6.1 Graphical Interpretation

Once a valid model is identified, it can be interpreted graphically using response trace plots and
contour plots. A response trace plot is shown in figure 6. This figure consists of six overlaid
plots, one for each component. For a given component, the fitted value of the response is plotted
as the component is varied from its low to high setting in the constrained region, while the other
components are held in the same relative ratio as a specified reference mixture, here the centroid.
The plot shows the “effect” of changing each component on 28-day strength. As expected,
increasing the amount of water decreased strength, while increasing the amount of cement
increased strength. HRWRA had the largest effect with higher amounts of HRWRA vyielding
higher strength. This may be due to the improved dispersion of the cement and silica fume
caused by higher amounts of HRWRA. Surprisingly, an increase in silica fume appears to
reduce strength. However, this apparent reduction may not be significant when compared to the
underlying experimental error.

Contour plots are used to identify conditions that give maximum (or minimum) response.
Because contour plots can only show three components at a time (the others components are set
at fixed conditions), several must be examined. Figure 7 is a contour plot of 28-day strength for
water, cement, and HRWRA, with the other components fixed at their centroid values. The plot
indicates that strength increases rapidly by increasing HRWRA, confirming the result from the
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Figure 6. Response trace plot for 28-day strength (mixture experiment)

response trace plot. Therefore, in subsequent contour plots, HRWRA will be set at its high
value.

Figure 8 shows a contour plot of 28-day strength in water, cement, and silica fume, and figure 9
shows a contour plot in water, coarse aggregate, and fine aggregate. In each case, HRWRA is
fixed at its high value, and the other components are fixed at the centroid settings. These plots
show that strength increases for low water, high cement, low silica fume, low coarse aggregate,
and high fine aggregate.

The best overall settings for 28-day strength can be found using the contour plot in figure 10,
which shows 28-day strength in silica fume, coarse aggregate, and fine aggregate at the best
settings of water, cement, and HRWRA. The best settings (expressed as volume fractions) are
water = 0.160, cement = 0.150, silica fume = 0.013, HRWRA = 0.0074, coarse aggregate =
0.400, and fine aggregate = 0.270, with a predicted sirength of 59.53 MPa.
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A: water
0.178

0.148 0.160 0.0225
B: cement D: HRWRA

Figure 7. Contour plot for 28-day strength in water, cement, and HRWRA

0.150 0.160 0.033
B: cement C: silica fume

Figure 8. Contour plot for 28-day strength in water, cement, and silica fume
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A: water
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Figure 9. Contour plot for 28-day strength in water, coarse aggregate,
and fine aggregate

C: silica fume
0.033

0.420 0.013 0.270
E: Coarse agg F: Fine agg

Figure 10. Contour plot for 28-day strength in silica fume, coarse aggregate, and
fine aggregate
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3.6.2 Numerical Optimization

The optimum concrete mix is defined here as that mix which minimizes cost while meeting
specified performance criteria. Numerical optimization using desirability functions [10] can be
used to find the optimum mixture proportions in this situation. A desirability function must be
defined for each response (property). The desirability function takes on values between 0 and I,
and may be defined in several ways. Figure 11 shows the desirability functions defined for the
responses in this experiment. Minimum and maximum specifications are used for strength and
RCT, resulting in desirability functions with values of 1 above the minimum or below the
maximum, and 0 otherwise. For example, for 1-day strength the desirability value is 0 below
22.06 MPa and 1 above 22.06 MPa. At 34.48 MPa, well beyond the maximum value observed in
the data, the desirability becomes 0. Desirabilities for 28-day strength and 42-day RCT are
defined similarly. For slump, a range of 50 to 100 mm was specified, but the midpoint of this
range, 75 mm was selected as the most desirable value (the target value). Therefore, a
desirability of 1 is given to the target value of 75 mm, with a linear decrease in desirability to a
value of zero at the lower and upper specification limits (see figure 11). Since cost is to be
minimized, the desirability function for cost decreases linearly over the range of costs observed
in the data, as shown in figure 11.

| 700 75
‘ I | [
91,32 12868 239 162 127 200
slum
cost 42-day RCT o
($/cum) (coulombs)
51,02 8274 2206 3448
ST TTC
4799 6527 16,53 2877
28-day strength 1-day strength
(MPq) (MPa)

Figure 11. Desirability functions for responses in mixture experiment

The individual desirabilities can be expressed mathematically in terms of the predicted response
values (see equation 9, page 14), which can be calculated for each mixture in the experiment. In
this study, the overall desirability D was defined as the geometric mean of the individual
desirability functions d; over the feasible region of mixtures [10]:

D=(d;d:dsd.ds)” (16)

The optimal mix is the one with a maximum value of D, which may be determined in several
ways. The simplest (but crudest) approach is to select the mixture with the largest value of D
from the design points in the experiment. Another approach is to consider D as a response and
fit a model to it (as one would fit a model to 28-day strength). A third approach is to use
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numerical search algorithms to find the maximum value of D [12]. The third approach was used
here.

Based on the experimental results, the mix which maximizes D, expressed in volume fractions, is
water = 0.160, cement = 0.130, silica fume = 0.013, HRWRA = 0.0049, coarse aggregate =
0.401, and fine aggregate = 0.290, at a cost of $93.01 per m>. The overall desirability value for
this mix is 0.964, and the predicted response values are slump = 75 mm, 1-day strength =

22.07 MPa, 28-day strength = 54.72 MPa, and 42-day RCT value = 631 coulombs.
3.6.3 Accounting for Uncertainty

If the fitted functions for each property were known without error, the analysis would be
complete. However, there is uncertainty in the fitted functions, because they are estimated from
a sample of data. For example, at the current mix the predicted 1-day target strength is 22.07
+1.01 MPa. The uncertainty provided is for a 95 percent confidence interval, i.e., we are 95
percent confident that the interval (21.06, 23.08) contains the true 1-day target strength for this
mix. If this mix is used, it is quite possible that actual 1-day strength results would fall below the
minimum acceptable value of 22.06 MPa. Therefore, each specification must be modified to
account for uncertainties in the fitted functions. The uncertainties in the properties of the current
best mix can be used to modify the constraints (performance criteria) and identify a revised
optimal mix based on these new constraints. The revised mix must then be checked to see that
the original specifications are met.

The predicted values and 95 percent uncertainties for the remaining responses at the current best
mix are slump = 75 +17 mm, 28-day strength = 54.72 £3.25 MPa, and In{(42-day RCT) = 6.448
+0.162'. The modified constraints on the responses which take into account the uncertainties are
67 mm < slump < 83 mm, 1-day target strength > 23.07 MPa, 28-day target strength >

54,27 MPa, and In(42-day RCT) < 6.389 (42-day RCT <595 coulombs)’. Repeating the
numerical optimization, the best mix for this new set of constraints {(expressed as volume
fractions) is water = 0.160, cement = 0.133, silica fume = 0.014, HRWRA = 0.0054, coarse
aggregate = 0.409, and fine aggregate = 0.2786 at a cost of $96.35. The predicted values and 95
percent uncertainties for this mix are slump = 76 £15 mm, 1-day strength = 23.05 +£0.69 MPa,
28-day strength = 55.20 £2.31 MPa, and In(42-day RCT) = 6.404 £0.114 (corresponding to a
range of 539 to 678 coulombs). For this mix, the 95 percent confidence intervals for all
responses meet the original specifications. Accounting for uncertainty increased the cost of the
optimal mix by about 3 percent ($93.01 to $96.35). The value of optimization can be seen by
comparing the cost of the optimal mix ($96.35) with the range of costs for all mixtures in the
experiment {($91.32 to $128.68 per m 3.

" The predicted value and uncertainty for In(42-day RCT) are provided because the In transform was used in the
model for RCT. The actual 95% confidence interval for 42-day RCT ranges from 537 to 742 coulombs with a
predicted value of 631 coulombs.

2The modified constraints are calculated by adding the uncertainty to the original lower bound constraint, or
subtracting the uncertainty from the original upper bound. Thus, for slump, the new lower bound is 50 + 17 =

67 mm, and the new upper bound is 100 — 17 = 83 mm. For 1-day strength, which only has a lower bound, the new
constraint is 22.06 + 1.01 =23.07 MPa,
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CHAPTER 4
Laboratory Experiment Using Factorial Approach

4.1 Introduction

This chapter describes the application of factorial experiment design to the problem of concrete
mixture optimization. In a mixture, the total amount (mass or volume) of the product is fixed,
and the settings of each of the g components are proportions. Because the total amount is
constrained to sum to one, the component variables are not independent. However, the q
components can be reduced to g-/ mathematically independent variables using the ratio of two
components as an independent variable [8]. In the case of concrete, w/c is a natural choice for
this ratio variable. If this strategy is adopted, a factorial approach may be applied.

4.2 Selection of Materials, Proportions, and Constraints

The materials used in this experiment were identical to those used in the mixture experiment
(chapter 3): Type I cement, tap water, #57 crushed limestone, natural sand, silica fume (slurry),
and naphthalene-sulfonate-based HRWRA. The six components were reduced to five
independent variables: x; = w/c (by mass), x; = fine aggregate volume fraction, x; = coarse
aggregate volume fraction, x, = HRWRA volume fraction, x5 = silica fume volume fraction.

The volume fraction ranges for coarse aggregate, fine aggregate, HRWRA, and silica fume were
the same as used in the mixture experiment. The range of w/c (by volume) was calculated from
the volume fraction limits of the mixture experiment. The lower limit of w/c was 0.16 + 0.15 =
1.067, and the upper limit was 0.185 + 0.13 = 1.423. These limits were equated to coded limits
of ~1.5 to +1.5 to give the most similar experimental region to that of the mixture experiment.
Table 9 shows the settings of each variable corresponding to coded values of —1 and +1.

Table 9. Variable settings corresponding to coded values (factorial experiment)

. Low Setting High Setting
Variable 1D (coded value =-1) | (coded value =1)
we tatio < 1.1263 1.3637
! {= 0.36 by mass) (= 0.43 by mass)
Fine aggregate X2 0.2571 0.2853
Coarse aggregate X3 0.4071 0.4353
HRWRA X4 0.0051 0.0069
Silica fume X5 0.0153 0.0247

For the aggregates, HRWRA, and silica fume, volume fractions were converted to batch masses
(batch volume for HRWRA) based on total batch size and material properties. The batch masses
of water and cement were calculated by constraining the sum of volume fractions of all six
components to sum to one. This gives two equations in two unknowns (the other equation being
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the w/c expressed volumetrically) that can be solved for volume fraction of water and volume
fraction of cement. Entrapped air was ignored in these calculations, although in practice it will
affect yield calculations and an overall adjustment to the mixture proportions may be necessary
for proper yield.

The performance criteria for the mix were as follows: slump between 50 and 100 mm, 1-day
strength greater than 22 MPa, 28-day strength greater than 51 MPa, and charge passed in the
RCT less than 700 coulombs. These are the same performance criteria used for the mixture
experiment, except that the 1-day and 28-day strengths were rounded to 22 and 51 MPa (from
22.06 and 51.02 MPa used in the mixture experiment)l.

4.3 Experiment Design Details

A central composite design (see chapter 2) was chosen for this experiment. The actual values for
each variable (expressed in terms of volume fraction) corresponding to the coded levels +1 are
shown in table 10. A commercially available software package for experiment design and
analysis was used to plan the experiment. Thirty-one batches were planned in two nearly
orthogonal blocks. The first block consisted of a half-fraction of 16 factorial points” and 3 center
points, and the second block consisted of 10 axial points and 2 center points. A total of five
center points was chosen to allow use of the center point mixes as statistical control mixes to
assess week-to-week variation, if any, over the five weeks of mixing (in addition to the use of
center points as replicates to estimate pure error). The run order within each block was
randomized to reduce the effect of uncontrolled variables. Center point runs were placed first
and last (based on the total number of runs) with the remainder equally spaced, resulting in three
center points in the factorial block and two center points in the axial block. The mixture
proportions for each batch are shown in table 10.

One batch (run 3) was repeated at the end of the experiment because of suspiciously low strength
values. A center point batch was included with the repeat to check statistical control. The
results of the repeated batch were used in subsequent analyses.

4.4 Specimen Fabrication and Testing

The materials used in this study included a portland cement conforming to ASTM specification
C150-94 Type V1L, a #57 crushed limestone coarse aggregate meeting grading requirements of
AASHTO M43, a natural sand fine aggregate, silica fume (in slurry form), a naphthalene-
sulfonate based HRWRA (ASTM C494-98 Type F/G), and municipal tap water. Thirty-one
batches of concrete, each approximately 0.04 m’ in volume, were prepared over a 6-week period.
Each batch was prepared in accordance with mixing procedures set forth in ASTM C192-95.

'The mixture experiment was originally performed using English units with 1-day strength requirement of 3200 psi
and 28-day strength requirement of 7400 psi.

“The 16 factorial points represent a half-fraction of the full factorial for 5 variables, which has 2°=32 points. The
251 half-fraction can be used in this case because it is a Resolution V design that allows estimation of all linear
coefficients and two-factor interactions without confounding.
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Table 10. Mixture proportions (per m’) for factorial experiment

Batch | w/c |Fine Agg | Coarse Agg | HRWRA |Silica Fume | Cement | Water
(run) (kg) (kg) @ (kg) kg) | (kp)
1 0.36 755.7 1098.7 6.90 54.3 408.7 146.1
2 0.36 755.7 1174.8 5.10 54.3 369.6 132.2
3 0.40 718.4 1136.8 6.00 44.0 394.9 156.1
4 0.40 718.4 1136.8 6.00 44.0 394.9 156.1
5 0.43 681.0 1098.7 6.90 54.3 405.2 175.4
0 0.43 755.7 1098.7 5.10 54.3 370.1 160.2
7 0.43 755.7 1098.7 6.90 33.6 380.2 164.6
8 0.43 681.0 1098.7 5.10 33.6 420.1 181.9
9 0.36 681.0 1098.7 5.10 54.3 453.1 162.0
10 0.40 718.4 1136.8 6.00 44.0 394.9 156.1
11 0.43 755.7 1174.8 5.10 33.6 345.0 149.4
12 0.36 681.0 1098.7 6.90 33.6 464.4 166.0
13 0.43 681.0 1174.8 5.10 54.3 370.1 160.2
14 0.36 755.7 1098.7 5.10 33.6 425.3 152.1
15 0.43 681.0 1174.8 6.90 33.6 380.2 164.6
16 0.36 755.7 1174.8 6.90 33.6 380.9 136.2
17 0.36 681.0 1174.8 6.90 54.3 408.7 146.1
18 0.36 681.0 1174.8 5.10 33.6 425.3 152.1
19 0.43 755.7 1174.8 6.90 54.3 330.1 142.9
20 0.40 718.4 1212.9 6.00 44.0 355.4 140.5
21 0.47 718.4 1136.8 6.00 44.0 357.2 168.1
22 1040 | 793.1 1136.8 6.00 44.0 355.4 140.5
23 0.40 718.4 1136.8 7.80 44.0 392.4 155.1
24 0.40 718.4 1136.8 6.00 44.0 394.9 156.1
25 0.32 718.4 1136.8 6.00 44.0 441.7 141.3
26 0.40 718.4 1136.8 4.20 44.0 397.5 157.1
27 0.40 718.4 1136.8 6.00 23.3 408.1 161.3
28 0.40 718.4 1060.6 6.00 44.0 434.5 171.7
29 0.40 718.4 1136.8 6.00 44.0 394.9 156.1
30 0.40 718.4 1136.8 6.00 64.7 381.8 150.9
31 0.40 643.7 1136.8 6.00 44.0 434.5 171.7

29




Precautions were taken to compensate for mortar retained by the mixer, by “buttering” the mixer
prior to preparing each batch. The concrete was mixed using a rotating-drum machine mixer with
a 0.17 m’ mixing capacity.

Each batch included sufficient concrete for 2 slump tests, 1 unit weight and air content test
(ASTM C138 and ASTM C231), and 10 100 mm x 200 mm cylinders. All cylinders were
fabricated in accordance with ASTM C192, except that external vibration (a vibrating table) was
utilized for consolidation in lieu of rodding when slump was less than 50 mm. Immediately
following casting, the cylinders were covered with plastic and left in the molds at room
temperature for 24 + 8 hours, after which they were removed from the molds and moist cured at
23 + 2 °C until testing. Specimens were tested for compressive strength in accordance with
ASTM C39 at the ages of 1 and 28 days. In most cases, three cylinders were tested at each age,
however, where anomalies in either specimen condition or test results were evident, a fourth or
fifth specimen may have been tested. Prior to compression testing, the ends of each cylinder
were ground plane and parallel in accordance with ASTM C39 tolerances. Three of the
remaining cylinders from each batch were used for the RCT testing. Testing was performed
according to ASTM C1202, except that the 50 mm test specimens were cut from the middle of
each cylinder instead of from the top. All RCTs were performed at an age of 42 days from
casting.

4.5 Results and Analysis
4.5.1 Responses

The average values for siump, 1-day strength, 28-day strength, and charge passed (RCT) for each
batch are shown in table 11, along with the estimated cost (dollars per cubic meter) of the
concrete mixture. The costs were calculated from the mixture proportions for each batch, based
on approximate component costs obtained from a local (mid-Atlantic) ready-mix concrete
producer. Each response was analyzed individually by examining summary plots of the data
(scatterplots and means plots), fitting a model using ANOVA and least-squares methods,
validating the model by examining the residuals for trends and outliers, and interpreting the
model graphically. A detailed discussion of the analysis procedure for 1-day strength is
presented in the following 2 sections. The analyses for the other responses were performed ina
similar manner, The models for the other responses are reported in section 4.5.4.

4.5.2 Exploratory Data Analysis for 1-Day Strength

One advantage of the factorial approach is the ability to perform an initial assessment of the data
using graphical techniques such as raw data plots, means plots, scatterplots, and cube plots.
These techniques are illustrated in figures 12-15 (for complete sets of plots for each response, see
appendix B). A raw data plot of 1-day strength is shown in figure 12. This plot illustrates the
variation in the response (1-day strength) over time, for each run. The control batch results,
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Table 11. Test results and costs (factorial experiment)

Batch Slump i-Day 28-Day RCT Cost
(rum) (mm) (MPa) (MPa) {coul) ($/m3)

1 73 16.3 58.5 286 119.77

2 44 22.6 59.8 209 113.93

3 13 20.8 52.6 160 107.71

4 102 16.5 60.4 296 107.71

5 57 16.4 55.0 257 118.49

6 143 13.6 58.6 541 112.96

7 67 12.9 504 502 99.21

8 13 20.3 52.4 234 97.83

9 86 18.4 63.0 305 118.75
10 102 15.2 54.8 445 107.71
11 140 20.7 62.3 412 93.70
12 32 17.1 56.2 252 105.09
13 13 24.2 54.2 341 112.98
14 76 17.2 50.3 534 99.24
15 13 21.3 59.2 278 99.23
16 13 20.9 60.5 206 100.27
17 57 18.8 56.6 315 119.78
18 29 21.9 58.3 355 99.26
19 35 16.1 629 230 114.36
20 38 19.0 58.6 211 105.49
21 117 14.5 53.9 458 104.63
22 67 17.8 62.4 294 105.48
23 64 19.9 67.5 268 111.16
24 16 26.4 58.5 189 107.71
25 79 19.0 57.0 257 111.52
26 64 19.1 50.9 273 164.27
27 152 16.8 54.4 705 90.56
28 95 20.2 53.3 307 109.93
29 35 18.4 55.2 162 107.71
30 102 17.4 50.4 332 124.87
31 76 18.4 55.2 277 109.95
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Figure 12. Raw data plot for 1-day strength (factorial experiment)

shown as hollow squares, give an indication of consistency over time. In this case, the control
results are all about equal, indicating no time-related effects. Raw data plots are also helpful in
identifying suspect data values, which may result from (for example) errors in data recording or
data entry, equipment malfunction, or poor specimen fabrication.

Figure 13 is a scatterplot showing the effects of varying one factor (w/c) on the 1-day strength.
In this case, as expected, the 1-day strength decreases with increasing wic.
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Figure 13. Scatterplot showing effect of w/c on 1-day strength (factorial experiment)
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Figure 14 shows a means plot for 1-day strength. The means plot allows comparison of the
effects of each factor. In this experiment, 1-day strength was clearly influenced by w/c. Other
factors appear to have had little effect.
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Figure 14. Means plot for 1-day strength (factorial experiment)

Finally, figure 15 shows a cube plot of 1-day strength with respect to three factors (w/c, fine
aggregate, and coarse aggregate). A cube plot is a convenient means of assessing quantitative

effects of three factors on a response.
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Figure 15. Example of cube plot for factorial points
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4.5.3 Model Fitting and Validation for 1-Day Strength

After assessing the data graphically, the second step in analysis is to estimate an appropriate
model for each response. As with the mixture approach, ANOVA and least-squares regression
techniques are used. The first step is to use ANOVA to determine the appropriate type of model
(e.g., linear, quadratic). An ANOVA table for sequential model sum of squares, shown in table
12, suggests that both linear and quadratic terms are significant. A lack-of-fit ANOVA table
(table 13) suggests that a guadratic model has insignificant lack-of-fit (“Prob > F” = 0.8339).

Table 12. Sequential model sum of squares for 1-day strength (factorial experiment)

Source Sum of Squares DF Mean Squére F Value Prob>F
Mean 10780.54 1 10780.54 - —
Linear 215.97 5 43.19 22.15 < 0.0001
2F1 27.35 10 2.73 1.92 0.1236
Quadratic 13.60 5 2.72 3.48 0.0441
Cubic (aliased) 1.86 5 0.37 0.31 0.8865
Residual 5.95 5 1.19 - -
Total 11045.26 31 356.30 — -

Table 13. Lack-of-fit test for 1-day strength (factorial experiment)

Source Sum of Squares DF Mean Square | F Value Prob > F
Linear 43.98 21 2.09 1.75 0.3129
2F1 16.63 11 1.51 1.27 0.4444
Quadratic 3.03 6 0.51 0.42 0.8339
Cubic (aliased) 1.18 1 1.18 0.98 0.3772
Pure Error 4.78 4 1.19

When a central composite design is used, the full quadratic model can be estimated, but often
some of the terms are not significant. The following procedure3 was used to identify an

appropriate reduced quadratic model:

1) Fit the full quadratic model and for each coefficient, calculate the t-statistic for the null
hypothesis that the coefficient is equal to zero.

2) Perform the regression again with a partial model containing only those terms that are
statistically significant (i.e., those terms that had a t-statistic greater than that for the chosen

3This procedure may be used because the CCD experiment design is well-balanced and orthogonal (or nearly so).
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significance level, in this case 0.05). Calculate the t-statistics again and drop any terms
which are not significant.

3) Repeat step 2 until the partial model contains only significant terms.

4) Add first-order terms required to make the model hierarchical. Hierarchical polynomial
models make sense under linear transformations such as changing units of temperature from
Celsius to Fahrenheit [11]. All second-order terms that appear in the model must have

corresponding first-order terms included in order to make the model hierarchical.

The ANOVA for the final hierarchical model (with the hierarchical terms shaded) is shown in
table 14.

Table 14. ANOVA for 1-day strength model (factorial experiment)

Source Sum of Squares DF Mean Square | F Value Prob>F
Model 240.87 8 30.11 27.76 <0.0001
A 213.26 1 213.26 196.66 <0.0001
B 0.48 1 0.48 0.45 0.5113
C 0.04 1 0.04 0.04 0.8433
E 2.06 1 2.06 1.90 0.1819
A2 6.20 1 6.20 5.72 0.0257
AC 5.15 1 5.15 4.75 0.0404
AE 7.16 1 7.16 6.60 0.0175
BC 6.51 1 6.51 6.00 0.0227
Residual 23.86 22 1.08 - ~
Lack of fit 19.08 18 1.06 0.89 0.6248
Pure error 4.78 4 1.19 - -
Corr. total 264.72 30 - - -

For one-day strength, y,, the fitted model was:

A

Y, =~63.8-860.8x, +1361.3x, +450.8x, ~1431.5x, +323.9x, + 1068x,x,
+3780x,x; —-3208x,x,

an

The adequacy of each fitted model was validated quantitatively by calculating statistical
measures such as residual standard deviation and PRESS, and graphically by examining residual
plots. The residual standard deviation, s, for this model is 0.99 MPa. A value of s near the
repeatibility value (replicate standard deviation calculated from center points) is an indication of
an adequately fitting model. For this experiment, the repeatibility value is 1.04 MPa, which is
close tos. The PRESS statistic (see page 12) is a measure of how well the model fits each point
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in the design (the smaller the PRESS statistic, the better the fit). PRESS and some other
quantitative indicators of model adequacy are shown in table 15.

Table 15. Summary statistics for 1-day strength model (factorial experiment)

Std. dev. 1.04
Mean 18.65
C.V. 5.58
PRESS 45.16
R-squared 0.9099
Adjusted R-squared 0.8771
Predicted R-squared 0.8294

The residuals are the deviations of the observed data values from the fitted values, x;, and are
estimates of the error terms e; in the model. The e; are assumed to be random and normally
distributed with mean equal to zero and constant standard deviation. A normal probability plot
of the residuals (shown in figure 16) is used to assess the validity of this assumption. If the error
terms follow a normal distribution, they will fall on a straight line on the normal probability plot.
Because they are estimates of the error terms, the residuals should exhibit similar properties.

If the assumptions are valid, plots of the residuals versus run sequence, predicted values, and
other independent variables should be random and structureless. If structure remains in the
residuals, residual plots may suggest modifications to the model that will remove the structure.

Normal % Probability
3

Residual

Figure 16. Example of a normal probability plot for model validation
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Figure 17 shows a plot of residuals versus run sequence for 1-day strength. The plot shows no
significant structure to the residuals.
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Figure 17. Example of a residual plot (residuals vs. run) for model validation

4.5.4 Models for Other Responses

Using the same procedure described above for 1-day strength, the following models were fit to
slump (x;), 28-day strength (x3), and 42-day RCT (x,) results:

) =—1365.5—-4876.9x, ~8334.7x, +8256.5x, +6.698x10° x, — 4503.6x, (18)
+20185x,x, —1.564x10°x,x,

$; =124.0-227.3x, +3390.0x, —3937.5x, +10262x,x, (19)

P4 = 635.4+4445.6x, —1199.8x, —1548.5x, —31651x; +1.635x10°x,* —1.448x10° x,x, (20)

4.6 Optimization

The objective of optimization may be to find the “best settings™ (settings which maximize or
minimize a particular response or responses) or to meet a set of specifications. In either case,
optimization usually involves considering several responses simultaneously. The same
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optimization strategy that was used in the classical mixture approach can be used for a factorial
approach (see chapter 3).

4.6.1 Graphical Optimization

For three or fewer responses, contour plots can be useful in identifying optimum settings.
Individual contour plots can be used to identify best settings for each response. Figure 18 shows
a contour plot of 28-day strength as a function of w/c and silica fume with HRWRA at its middle
setting. Figure 19 shows the same plot but with HRWRA at the high setting. These plots
illustrate that the highest strength is reached at the high level of HRWRA coupled with the low
levels of w/c and silica fume.

Contour plots can also be overlaid with the constraints for each response defining a subarea of
settings that meet the response criteria. For example, figure 20 shows all settings meeting the
following criteria: RCT < 700 and slump equal 50 to 100 mm. The white area in the plot
indicates the settings meeting the criteria. The gray area on the plot shows the region of seitings
that do not meet the constraints simultaneously. Figure 21 shows the same plot with the added
constraint that 28-day strength > 51 MPa. As constraints are added, the feasible region usually
gets smaller. In some situations, no settings will meet all of the criteria.
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Figure 18. 28-day strength in w/c and silica fume (HRWRA at middle setting)
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Figure 19. 28-day strength in w/c and silica fume (HRWRA at high setting)
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Figure 20. Overlay plot for RCT < 700 and slump = 50-100 mm
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Figure 21. Overlay plot for RCT < 700, slump = 50-100 mm, and 28-day strength > 51 MPa

4.6.2 Numerical Optimization

For more than three responses considered simultaneously, numerical optimization is often more
practical than graphical optimization. The numerical optimization technique using desirability
functions described in chapter 2 and used in the classical mixture experiment (chapter 3) can also
be applied to the factorial experiment. Desirability functions for this experiment are similar to
those used in the mixture experiment, except that in some cases (e.g, cost) the endpoint values
are different. The desirability functions are shown in figure 22.

90.56 75 22
\ 50/ \I00 I

124.87
"cost glump I-doy sirength
{$/cu m) {mm) {MPo}
51 700
28-doy strength 42-doy RCT
(MPc) {covlombs)

Figure 22. Desirability functions for factorial experiment
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Numerical optimization gave the following best settings for this concrete mixture: w/c = 0.367
(by mass), fine aggregate volume fraction = 0.285, coarse aggregate volume fraction = 0.408,
HRWRA volume fraction = 0.0061, and silica fume volume fraction = 0.0153. The predicted
response values and associated uncertainties (at a 95 percent confidence level) are slump = 74
+19 mm, 1-day strength = 22.08 +1.17 MPa, 28-day strength = 58.65 £2.32 MPa, and RCT =
378 +30 coulombs, at a cost of $100.68 per m’.

4.6.3 Accounting for Uncertainty

As described for the mixture approach, the fitted functions (models) and values predicted from
them have uncertainty associated with them because they are estimated from data. For example,
for the optimal mixture proportions shown above the predicted 1-day strength is 22.08 +1.17
MPa. If these proportions are used, we can be 95 percent confident that the true 1-day strength
will lie between 20.91 and 23.25 MPa. But because the specified 1-day strength is 22 MPa, it is
quite possible that the true 1-day strength will fall below the specified value. Therefore, the
constraints must be modified to account for the uncertainty in the fitted functions. The
uncertainties for the optimal mixture can be used to define modified constraints, and a new set of
optimal mixture proportions can be identified for these new constraints. The predicted responses
based on the new optimal proportions must be checked to see that the original specifications are
met.

The modified constraints are slump between 69 and 81 mm, 1-day strength greater than 23.17
MPa, 28-day strength greater than 53.32 MPa, and RCT less than 670 coulombs. The best
mixture for this new set of constraints is w/c = 0.358 (by mass), fine aggregate volume fraction =
0.282, coarse aggregate volume fraction = 0.4071, HRWRA volume fraction = 0.0062, and silica
fume volume fraction = 0.0153. The predicted response values and associated uncertainties (at a
95 percent confidence level) are slump = 74 £20 mm, 1-day strength = 23.17 £1.26 MPa, 28-day
strength = 59.62 £2.68 MPa, and RCT = 363 +32 coulombs, at a cost of $101.65 per m>. All but
one of the lower or upper bound values for the responses now meet the original specifications.
The exception is the lower bound for 1-day strength, which is 21.91 MPa (compared with the
specified value of 22 MPa). In practice, this small difference is probably insignificant; however,
it may be worthwhile to investigate ways to increase 1-day strength for this mix. A slightly
lower w/c (0.35, for example) would probably be a sufficient remedy. The predictive models
estimated from the experiment can be used to predict responses for settings anywhere within the
experimental design space (i.e., anywhere within the defined variable ranges). However,
extrapolation beyond the design space is not recommended.

In the factorial experiment, accounting for uncertainty increased the cost of the optimal mix only
slightly (from $100.68 to $101.65). As with the mixture experiment, the value of optimization is
evident when the cost of the optimal mix ($101.65) is compared with the range of mixture costs
in the experiment ($90.56 to $124.87).
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CHAPTERS
Development of Interactive Web Site (COST Program)

5.1 Introduction

The goal of the second phase of this research project was to develop an interactive Web site that
can be used to optimize concrete mixture proportions using the response surface approach. The
purpose of this Web site is to introduce this approach to the concrete community and to give
concrete practitioners an opportunity to apply the approach to their own mixture development.
Because the response surface approach was likely to be unfamiliar to many practicing engineers
and producers, the aim was to make it as user-friendly as possible (within budget constraints) and
to provide as much guidance as possible in interpreting results.

5.2 Selection of Approach

A systematic approach is critical when optimizing a HPC mixture subject to several performance
criteria. The laboratory experiments described in chapters 3 and 4 investigated two such
approaches: the classical mixture experiment design and the factorial/CCD experiment design.
Using either of these approaches, a trial batch and testing program can thoroughly examine the
concrete properties of interest over the selected range of component proportions, and models
estimated from the data can be used to identify optimal mixes.

Using a statistical approach to mixture optimization requires a significant investment in trial
batches and testing. In both the mixture approach and factorial approach, 31 different trial
batches were required for a 6-component mixture. The large number of runs was required to fit a
full quadratic model for each response and to provide control runs and replicate runs for
estimating repeatability.

If the responses are represented adequately by linear models (as opposed to quadratic), the
number of trial batches can be reduced by as much as 50 percent. In the mixture experiment
(chapter 3), linear models were adequate for all but one response (1-day strength). If linear
model were assumed, the number of experimental runs could have been halved. However, since
materials and conditions vary by location, the quadratic model is a better initial assumption.

The factorial approach has an advantage over the mixture approach in that it can be performed
sequentially (see page 10 of this report). In a sequential approach, the CCD experiment is
divided into two parts. The adequacy of linear models for the responses can be assessed after
the initial portion of the experiment (for a 6-component mixture, the first part would consist of
19 trial batches). If linear response models are sufficient over the range of material proportions
being considered, the second part of the experiment would not be necessary. If not, the second
part of the experiment can be run, and quadratic models can be fit to the data.

In both approaches, the number of runs also can be reduced by holding certain variables

constant. Reducing the number of components from 6 to 4 would reduce the number of runs in a
factorial/CCD experiment from 31 to 19. For example, if a user is interested primarily in a
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property that is influenced by cement paste characteristics, he might choose to vary only the
paste component proportions while holding aggregate constant.

Based on the experimental results described in chapters 3 and 4, the two approaches, mixture and
factorial, were evaluated to select the best approach for an interactive Web site. Technical
suitability and practical considerations (e.g., case of understanding, ease of use) were considered
in deciding which method to use for the Web site. While both methods were considered
technically suitable, the factorial approach was considered to be more practical. The advantage
of sequential experimentation, which could reduce the number of required trial batches, favored
the factorial approach. Furthermore, materials engineers are more likely to have encountered
factorial experiments than mixture experiments, and the factorial approach is more
straightforward and easier to use, understand, analyze, and interpret. Finally, the statistical
soffware to be used for the Web site (DATAPLOT) was better suited for the factorial approach.

5.3 Considerations in Development

The following are some of the considerations that shaped the development of the COST software
and Web site:

e Introduce the response surface optimization approach in the context of concrete mixture
proportioning.

As mentioned in chapter 1, commercially available statistical software packages can provide
the required experiment design and analysis capabilities needed for this approach. However,
these packages are not specifically geared toward concrete mixture proportioning. The
purpose of the COST software is to introduce the RSM approach as a means of optimizing
concrete mixtures. The COST software is not intended to be a state-of-the-art, all-inclusive,
“definitive” software product.

o  Minimize the required number of experimental runs needed to produce an optimal mix.

Concrete producers want to minimize the effort (and cost) needed to identify optimal
mixtures. Therefore, the maximum number of factors was limited to five, one of which is
water-cement ratio or water-cementitious materials ratio. The maximum number of
responses was also limited to five (one of which is cost).

o Provide flexibility in types of component materials.

The most common concrete component materials were included, and in each category of
material (e.g., chemical admixtures, mineral admixtures, aggregates) a ‘“user-defined”
selection was included to accommodate unusual or new materials. Flexibility was provided
so a user could, for example, optimize the cementitious matrix alone (i.e., hold aggregates
constant), or optimize the entire concrete mixture.
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® Recognize the limited statistical background of many potential users.

For this reason, guidance was included for analysis and interpretation as well as actually
running the experiment. For example, potential sources of error, the importance of
randomization, and the importance of accuracy in batching and in following the experimental
plan are discussed. Because the results and circumstances for any user will vary widely,
guidance in analysis and interpretation was limited to general aspects, such as indicating
strong and weak factors. More subtle statistical analysis requires human knowledge and
judgment.

o  Work within constraints associated with the use of the Web and DATAPLOT software.

There were several issues to contend with. Speed was one issue—the speed of transfer to
and from a user’s computer over the Internet to the server housing COST, and the
computational speed of DATAPLOT. Computations were minimized to reduce waiting
times. Speed was also an issue in generating graphics (plots). Another limitation associated
with graphics was the type and quality of graphics that could be generated and presented on
the Web. DATAPLOT generates postscript plots which were converted to GIF format for
the Web site.

Speed issues also prevented the use of a mathematically rigorous numerical optimization
scheme. Instead, numerical optimization was achieved by calculating a score function at
each point on a superimposed grid over the range of each factor. For 5 factors and 10 points
per factor, this requires 10° , or 100,000, calculations. To avoid excessive computation time,
the grids were limited in size. '

In addition to speed, there were file storage, access, and privacy issues. For example,
configuration and security constraints require that files be stored on the COST server. They
cannot be saved on the user’s computer.

5.4 Description of the Software and Web Site
5.4.1 Introduction

COST is an online interactive system developed to assist engineers, concrete producers, and
researchers in optimizing portland cement concrete mixtures for their particular applications.
COST applies response surface methodology (RSM), a collection of statistical experiment design
and analysis methods, to the problem of optimizing concrete mixture proportions. RSM often is
used in industry for product development, formulation, and improvement, and is applicable to
problems such as concrete mixture proportioning where several input variables (factors)
influence a performance measure (response).

COST is intended to provide an introduction to concrete practitioners who are unfamiliar with

the concepts and process of applying RSM to concrete mixture proportioning. COST allows
users to learn how to apply RSM to the problem of optimizing concrete mixtures.
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There are two scenarios for which COST could be applied:

1. To proportion a concrete mixture to meet a set of specifications at minimum material cost.
This is probably the most common scenario.

2. To maximize (or minimize) a particular response or responses, irrespective of cost.

COST can be used to optimize cement paste, mortar, or concrete mixtures. In all three cases,
varying the mixture component proportions affects both fresh and hardened properties of the
paste, mortar, or concrete. The properties (responses) depend on the proportions of the
components.

In COST, w/c (or water-cementitious materials ratio, w/cm) is varied along with as many as four
additional components. These are referred to as variable factors. Other factors may be included
in the mixture at fixed (constant) levels, and are referred to as fixed factors. The user can
designate as many as five concrete properties, or responses, (€.g., slump, strength, air content,
cost, etc.) according to the requirements of the application.

COST is accessible via the Internet. The program consists of a front-end HTML interface that
allows the user to enter required information. Underlying code (written in C) processes the
input, generates the experiment designs and mixture proportions, calls routines for statistical
analysis, and generates output. The statistical analysis routines are part of an interactive
statistical software package, DATAPLOT, which was developed at NIST. COST is not intended
to supplant or compete with commercially available experiment design and analysis software
packages. Rather, COST’s purpose is to introduce to the concrete practitioner the concepts of
statistical experiment design and analysis using RSM and to explain how these concepts might
be applied to concrete mixture proportioning. COST is specifically geared toward applying these
methods to concrete mixture proportioning.

This section provides a brief, general overview of COST. The COST User’s Guide, which
describes the step-by-step approach of the Web site, is included as appendix C of this report.

5.4.2 Qverview of COST Six-Step Process

The tasks required to optimize a concrete mixture using statistical methods have been assigned to
the six steps listed below:

Specify responses.
Specify mixtures.
Run trial batches.
Enter results.
Analyze data.
Summarize analysis.

e & & 6 & @

Tn most cases, these steps will be performed in the order listed above. Each step is described in
detail in the COST User’s Guide (see appendix C).
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Before starting the six-step process, the user should define the overall objective of the project.
Typical objectives include the following:

® Minimize cost while meeting several performance criteria for responses,
e Minimize or maximize a single response or several responses.

Step 1: Specify Responses

The first step is to specify the responses of interest. Responses are the concrete properties which
the user is interested in, and are usually dictated by job requirements. The units (e.g., MPa, mm)
and the allowable range of the response must also be specified. The allowable range defines the
performance specification for the response. For example, a response like slump may have an
allowable range between 50 and 100 mm. Another response, like strength, may have a specified
minimum value greater than 40 MPa.

Step 2: Specify Mixtures

Step 2 involves specifying the concrete mixture components and their ranges. Concrete may
contain a variety of component materials, Allowable material types for this version of COST
include the following:

Water.!

Cement.'

Mineral admixtures (up to 4): fly ash, silica fume, slag, other (user specified).
Chemical admixtures (up to 3): all user specified.

Aggregates (up to 3): coarse, fine, other (user specified).

Each component, or factor, may be variable or fixed (set at a constant level). For concrete
mixture proportioning, variable factors would usually be the mixture components expected to
have the most significant effects on the responses. Fixed factors would be those expected to
have little or no effect on the responses, allowing them to be held constant in the experiment.
Any of the components included in COST may be set as variable or fixed; however, COST limits
the user to a maximum of five variable factors for any one experiment {the greater the number of
variable factors, the greater the number of trial batches required). Because w/c or w/cm is
always considered to be one factor, as many as six material components (water, cement, and four
others) may be varied.

The user must also provide information about material properties (e.g., for cement, specific
gravity) and costs for each component to be included. Details on property information required
can be found in the COST User’s Guide (appendix C).

"Water and cement are entered in terms of w/c or w/cm. COST always requires that either w/c or w/cm be
included as a variable factor. Thus, the two mixture components, water and cement, are accounted for in one
factor.
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After the user has decided which factors to include, defined their ranges (for variable factors) or
constant levels (for fixed factors), and entered required material information into the COST
program, a trial batch plan is generated.

Step 3: Running the Experiment

After generating a trial batch plan, the next step is to perform the experiment. The experiment in
this case is a set of trial batches from which specimens will be fabricated and tested for the
responses specified in Step 1.

Step 4: Enter Results

After testing is completed, the test results are input into COST for analysis. The data are entered
into a form, which is set up according to the experimental plan.

Step 5: Analyze Results

Analysis of the results consists of 10 tasks, which are performed using one or more statistical
tools. Table 16 summarizes these analyses. The analysis techniques employed by COST consist
of both graphical analysis and numerical analysis (modeling), which can be classified in the
following groups:

Quantitative description of data—task 1.

Assessing the experiment design—tasks 2, 3, 4.

Graphical description of data—tasks 5, 6.

Optimization (determining best settings)—tasks 7, 8, 9, 10.

® & e o

Examples and details on each analysis task can be found in the COST User’s Guide
(appendix C).

Step 6: Summarize Analysis
The final step summarizes the analysis. The summary includes a list of the component variables,
the responses, and the optimum settings based on three different perspectives: mean values,

individual runs, and numerical optimization. A sample of the summary screen is shown in figure
23.
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Table 16. Summary of analysis tasks and tools in COST

Task # Task Description Tool(s)
1 Characterize response variables Summary statistics
2 Assess balance of design Counts plot matrix
3 Assess optimality of design points— Counts in admissible region matrix
all responses jointly Percentage in admissible region plots
4 Assess optimality Of design points— Percentage in admissible region plots
all four responses jointly
Determine interrelationships between Scatterplots of response vaqables
5 Scatterplots of response variables vs.
responses
factors
6 Assess relatlgnshlp between Means plots of responses vs. factors
response vartables and factors
" Determine optimal settings for Best settings based on mean values
each factor Best settings based on individual runs
8 Model fitting and verification Model fitting tool
. C Best settings based on maximum total
9 Numerical optimization
score
10 Response prediction Response prediction tool

Variables examined:

w/c_ratio

fine agg coarse_aygg

Responses evaluated:

Cost

Siump 1-day_Str 28-day_Str

HRWRA

Silica_fume

RCT

Optimum Settings

Units are the same as those used in the specify mixtures form previously

Aggregates are in terms of volume or mass fraction (as previously selected by user)

Mineral adimixtures are in terms of percent cement mass replacement

Chemical admixtures are in terms of liters per kg of cement

[
M S
Variable | outiraum | Optimum | Optimian |
setting setting satiing
w/c. ratio 0.3200 0.3576 §.3576
fine_agg 02853 0.2853 0.2712
coarse agy | 04353 0.4353 0.4071
HRWRA 0.0051 0.0051. - 0.0051
Silica_ fume 0.0294 06.0247 0.0228

Figure 23. Summary screen from COST
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5.5 Future Considerations

The current version of COST, while functional, is limited in several respects, because it is Web-
based software and because of the specific architecture involved. The software runs slowly, the
graphical capabilities are limited, and data is stored on the host computer instead of the user’s
computer. A stand-alone, Microsoft® Windows®-based version of COST could be developed in
the future. However, there are commercially available statistical software packages that could be
used for this application. Because these packages are general in nature (i.e., not specifically
geared towards concrete mixture proportioning), some care is needed to assure that they are
being used correctly.
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APPENDIX A. Experiment Design and Data Analysis for Mixture Experiment

A.1 Experiment Design and Response Data

Table A-1. Mixture experiment design in terms of volume fractions of components

Standard| Design Run A B C D E F
Order D Order | Water | Cement |Silica Fume HRWRA | Coarse Agg | Fine Agg |
35 127 1 0.1720 | 0.1395 0.0130 0.0060 0.4098 0.2598
7 15 2 0.1656 | 0.1500 0.0270 0.0074 0.4000 0.2500
14 38 3 0.1767 | 0.1417 0.0270 0.0046 0.4000 0.2500
11 22 4 0.1850 | 0.1474 0.0130 0.0046 0.4000 0.2500
22 71 5 0.1600 | 0.1500 0.0130 0.0074 0.4098 0.2598
4 11 6 0.1850 | 0.1300 0.0130 0.0046 04174 0.2500
2 5 7 0.1600 | 0.1300 0.0270 0.0046 0.4284 0.2500
8 16 8 0.1600 | 0.1300 0.0130 0.0046 0.4424 0.2500
27 91 9 0.1850 | 0.1300 0.0130 0.0074 0.4073 0.2573
29 101 10 0.1712 | 0.1500 0.0130 0.0046 04112 0.2500
24 78 11 0.1850 | 0.1300 0.0270 0.0074 0.4003 0.2503
37 127 12 0.1720 | 0.1395 0.0130 0.0060 0.4098 0.2598
9 20 13 0.1850 | 0.1300 0.0130 0.0046 0.4000 0.2674
30 103 14 0.1600 | 0.1500 0.0130 0.0060 0.4210 0.2500
5 13 15 0.1600 | 0.1300 0.0130 0.0046 0.4000 0.2924
12 28 16 0.1600 | 0.1300 0.0270 0.0046 0.4000 0.2784
28 98 17 0.1600 | 0.1400 0.0130 0.0046 0.4324 0.2500
36 127 18 0.1720 | 0.1395 0.0130 0.0060 0.4098 0.2598
26 89 i9 0.1600 | 0.1400 0.0130 0.0046 0.4000 0.2824
39 163 20 0.1656 | 0.1343 0.0165 0.0067 0.4234 0.2536
31 110 21 0.1712 | 0.1500 0.0130 0.0046 0.4000 0.2612

1 5 22 0.1600 | 0.1300 0.0270 0.0046 04284 0.2500

3 11 23 0.1850 | 0.1300 0.0130 0.0046 04174 0.2500
25 87 24 0.1600 | 0.1300 0.0130 0.0046 04212 0.2712
20 66 25 0.1600 | 0.1300 0.0270 0.0074 04128 0.2628
16 38 26 0.1767 | 0.1417 0.0270 0.0046 0.4000 0.2500
18 63 27 0.1725 | 0.1300 0.0270 0.0074 0.4131 0.2500
17 48 28 0.1725 | 0.1300 0.0130 0.0074 0.4000 0.2771
21 70 29 0.1600 | 0.1500 0.0130 0.0060 0.4000 0.2710
13 37 30 0.1600 | 0.1400 0.0270 0.0074 0.4000 0.2656
19 65 31 0.1600 | 0.1400 0.0270 0.0074 04156 0.2500
38 127 32 0.1720 | 0.1395 0.0130 0.0060 0.4098 0.2598
32 116 33 0.1725 | 0.1300 0.0270 0.0074 0.4000 0.2631
10 20 34 0.1850 | 0.1300 0.0130 0.0046 0.4000 0.2674
23 71 35 0.1600 | 0.1500 0.0130 0.0074 0.4098 0.2598
33 123 36 0.1600 | 0.1400 0.0200 0.0060 0.4120 0.2620
34 127 37 0.1720 | 0.1395 0.0130 0.0060 0.4098 0.2598

6 15 38 0.1656 | 0.1500 0.0270 0.0074 0.4000 0.2500
15 38 39 0.1767 | 0.1417 0.0270 0.0046 0.4000 0.2500




Table A-2. Mixture experiment: slump and 1-day strength data

. Run Sium 1-Day Strength
Obs Design ID Order (mmg) ()IIVIPa) g
32 127 1 50.8 54.0 24.3 24.4 24.0 —
6 15 2 254 31.8 24.6 22.9 25.9 —
13 38 3 19.1 19.1 22.7 22.6 22.1 —
10 22 4 69.9 63.5 21.1 214 21.8 -
20 71 5 63.5 50.8 26.9 27.2 26.5 27.5
3 11 6 108.0 95.3 16.7 16.6 17.0 -
1 5 7 12.7 12.7 21.7 23.3 22.2 -
7 16 8 38.1 31.8 21.8 21.6 214 —
25 91 9 203.2 196.9 17.1 16.6 16.7 —
27 101 10 254 19.1 26.4 26.5 26.8 —
22 78 11 127.0 127.0 19.2 19.3 19.0 -
33 127 12 101.6 95.3 20.8 21.9 21.9 -
8 20 13 114.3 120.7 18.3 18.0 18.3 -
28 103 14 63.5 63.5 28.0 26.8 27.3 —
5 13 15 63.5 50.8 22.7 21.7 21.0 —
11 28 16 31.8 25.4 21.1 22.9 22.5 -
26 98 17 31.8 318 25.2 26.4 24.2 -
34 127 18 95.3 88.9 21.5 21.6 23.8 -
24 89 19 38.1 38.1 18.1 23.1 24.0 -
36 163 20 95.3 95.3 22.1 21.6 22.4 -
29 110 21 50.8 50.8 24.5 25.1 24.4 -
2 5 22 25.4 254 22.1 24.0 24.2 -
4 11 23 114.3 114.3 17.1 16.5 15.9 -
23 87 24 63.5 69.9 24.9 20.6 23.2 -
18 66 25 76.2 76.2 25.0 24.1 25.1 -
14 38 26 31.8 254 22.9 23.6 22.5 -
16 63 27 101.6 95.3 21.6 22.0 21.4 -
15 48 28 177.8 165.1 22.7 22.7 23.7 -
19 70 29 50.8 50.8 27.5 273 27.6 -
12 37 30 38.1 31.8 26.8 27.8 27.4 —
17 65 31 31.8 31.8 28.6 25.5 27.6 —
35 127 32 120.7 120.7 22.9 22.2 22.1 —
30 116 33 114.3 114.3 23.9 23.7 24.1 —
9 20 34 127.0 127.0 18.8 18.6 18.5 -
21 71 35 114.3 101.6 26.5 28.0 28.9 -
31 123 36 76.2 69.9 26.2 26.4 27.3 -
32 127 37 101.6 101.6 23.9 24.3 24.2 —
6 15 38 50.8 50.8 29.2 27.6 29.5 —
13 38 39 254 25.4 23.3 254 22.2 -
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Table A-3. Mixture experiment: 28-day strength and RCT charge passed data

. Run 28-Day Strength RCT Charge Passed
Obs | Design ID Order {psi) ® (coulorgnbs)

32 127 1 51.0 52.5 54.9 - - - -
6 15 2 59.4 58.7 59.5 - — - -
13 38 3 50.8 50.1 52.7 - - - -
10 22 4 47.9 48.0 48.8 - 1203 1310 1321
20 71 5 51.9 56.7 57.0 — 901 790 894
3 11 6 47.3 51.7 46.6 - 1141 1308 1038
1 5 7 46.1 49 .4 49.9 — 422 352 -
7 16 8 54.6 53.2 51.5 -~ 708 - 843
25 91 9 58.8 60.4 62.1 - 1092 1113 877
27 101 10 57.0 52.3 51.6 — 730 736 767
22 78 11 51.0 55.4 48.6 — 474 454 549
33 127 12 51.1 52.3 47.4 — 853 885 789
8 20 13 51.9 50.2 50.7 - 995 922 793
28 103 14 60.4 56.6 46.2 55.1 607 576 565
5 13 15 51.0 55.6 52.8 — 575 719 758
11 28 16 56.5 50.8 534 ~ 327 268 282
26 98 17 55.5 50.5 49.8 - 580 579 653
34 127 18 53.7 54.2 54.3 — 841 852 848
24 89 19 52.6 58.3 50.2 56.3 677 656 826
36 163 20 61.1 61.0 60.2 — 544 552 566
29 110 21 523 52.9 54.4 — 716 804 857
2 5 22 56.3 52.0 53.9 - - 308 441 296
4 11 23 49.2 47.8 46.9 - 894 1054 956
23 87 24 53.0 50.4 49 4 — 751 618 732
18 66 25 57.1 62.6 59.7 - 326 319 303
14 38 26 57.4 51.8 50.3 - 450 346 375
16 63 27 56.6 54.5 54.5 - 324 324 257
15 48 28 58.9 58.0 57.3 — 622 702 723
19 70 29 54.7 52.5 56.4 - 496 494 524
12 37 30 49.2 57.8 59.7 57.4 247 254 234
17 65 31 53.5 49.1 50.8 — 285 350 296
35 127 32 57.8 58.6 55.0 - 661 567 680
30 116 33 57.8 57.3 53.5 - 367 358 343
9 20 34 51.1 51.9 51.9 — 804 901 754
21 71 35 64.9 65.6 65.2 — 550 566 543
31 123 36 61.5 59.8 61.8 — 318 312 390
32 127 37 53.8 55.4 54.6 - 640 614 665
6 15 38 61.6 57.5 55.2 - 235 232 250
13 38 39 54.5 53.8 55.4 - 323 379 293
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A.2  Data Analysis and Model Fitting
A.2.1 Slump
Table A-4. Mixture experiment: sequential model sum of squares for slump

Source Sum of Squares DF Mean Square | F Value | Prob>F
Mean 212697.8 1 212697.8 - —
Linear 62543.72 5 12508.74 45.64 | <0.0001
Quadratic - 4107.07 15 273.80 1.00 0.5016
Special cubic (aliased) 2164.86 7 309.27 1.27 0.3703
Cubic (aliased) 0.00 0 - —
Residual 1950.91 8 243.86 - -
Total 283464.3 36 7874.01 — —

Table A-5. Mixture experiment: lack-of-fit test for slump

Source Sum of Squares DF Mean Square | F Value | Prob>F
Linear 6271.93 22 285.09 1.17 0.4335
Quadratic 2164.86 7 309.27 1.27 0.3703
Special cubic (aliased) 0.00 0 — - -
Cubic (aliased) 0.00 0 - - -
Pure error 1950.91 8 243.86 - -

Table A-6. Mixture experiment: model summary statistics for slump

Source Std. Dev. r’ Adj. ¥ Pred. r* | PRESS
Linear 16.56 0.8838 0.8644 0.8407 11272.43
Quadratic 16.56 0.9418 0.8643 0.6049 27956.70
Special cubic (aliased) 15.62 0.9724 0.8794 - undefined
Cubic (aliased) - - - — undefined
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Table A-7.

Mixture experiment: ANOVA for slump mixture model

Source Sum of Squares DF | Mean Square | FValue | Prob>F
Model 62543.72 5 12508.74 45.64 <0.0001
Linear mixture 62543.72 5 12508.74 45.64 < 0.0001
Residual 8222.84 30 274.09 - -
Lack of fit 6271.93 22 285.09 1.17 0.4335
Pure error 1950.91 8 243.86 - -
Corrected total 70766.56 35 - - -

Table A-8. Mixture experiment: coefficient estimates for shtamp mixture model

Component Egt(i’x‘:g'te DF | Std. Error 9512’{;’WCI 9;)/%1? I
Water 155.68 1 10.12 135.03 176.34
Cement -37.53 1 13.34 —64.77 -10.30
Silica fume -80.39 1 17.95 -117.04 -43.74
HRWRA 1092.78 1 100.02 888.51 1297.04
Coarse aggregate 55.14 1 8.85 37.07 73.22
Fine aggregate 71.03 1 9.29 52.06 90.00

Table A-9. Mixture experiment:

adjusted effects for slump mixture model

Component Agjfl;:z:d DF | Std. Error Ap Iigrf(;:.ctt iog H, Prob >t
Water -138.04 1 12.96 -2.94 0.0063
Cement —139.80 1 12.43 -11.25 <0.0001
Silica fume -114.84 1 10.42 -11.02 < 0.0001
HRWRA 70.00 1 6.83 10.25 <0.0001
Coarse aggregate | —185.17 1 20.68 —-8.95 < 0.0001
Fine aggregate -166.11 1 22.02 -7.54 < 0.0001

Model equation in terms of pseudocomponents:

Slump = 155.68*A —37.53*B — 80.39*C + 1092.78*D + 55.14*E + 71.03*F

Model equation in terms of real components:

Slump = 2166.5*water — 2390.5*cement — 3401.2%silica fume + 24267.7*HRWRA
—204.8*Coarse agg +169.9*Fine agg
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Figure A-1. Mixture experiment: normal probability plot for slump
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Figure A-2. Mixture experiment: residuals vs. run for slump
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Figure A-3. Mixture experiment: Cook's distance for slump
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Figure A-4. Mixture experiment: trace plot for slump
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B: cement C: silica fume

Figure A-5. Mixture experiment: contour plot for slump in water, cement, and silica fume
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Figure A-6. Mixture experiment: contour plot of slump in water, cement, and
HRWRA



A.2.2 1-Day Strength

Table A-10. Mixture experiment: sequential model sum of squares for 1-day strength

Source Sum of Squares DF | Mean Square | F Value | Prob >ﬂ
Mean 19278.40 1 19278.40 - -
Linear 351.33 5 70.27 57.34 <0.0001
Quadratic 27.14 15 1.81 2.82 0.0266
Special cubic (aliased) 3.43 7 0.49 0.63 0.7199
Cubic (aliased) 0.00 0 - - —
Residual 6.19 8 0.77 - -
Total 19666.48 36 546.29 - - |
Table A-11. Mixture experiment: lack-of-fit test for 1-day strength
Source Sum of Squares DF | Mean Square | F Value | Prob>F
Linear 30.57 22 1.39 1.79 0.1992
Quadratic 3.43 7 0.49 0.63 0.7199
Special cubic (aliased) 0.000 0 - - —
Cubic (aliased) 0.000 0 - - —
Pure error 6.19 8 0.77 - -
Table A-12. Mixture experiment: summary statistics for 1-day strength
Source Std. Dev. r Adj. 1’ Pred. r PRESS"
Linear 1.11 0.9053 0.8895 0.8611 53.89
Quadratic 0.80 0.9752 0.9421 0.8566 55.65
Special cubic (aliased) 0.88 0.9840 0.9302 — undefined
Cubic (aliased) — — ~ — undefined
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Table A-13. Mixture experiment: ANOVA for 1

-day strength mixture model

Source Sum of DF Mean F Value Prob>F
Squares Square

Model 373.09 9 41.45 71.84 < 0.0001
Linear mixture 351.77 5 70.35 121.93 < 0.0001
AF 4.14 1 4.14 7.18 0.0126
BEF 5.38 1 5.38 9.32 0.0052
CD 3.96 1 3.96 6.86 0.0145
DF 7.83 1 7.83 13.58 0.0011

Residual 15.00 26 0.58 - -
Lack of fit 8.81 18 0.49 0.63 0.8010
Pure error 6.19 8 0.77 - -

Corrected total 388.09 35 - — -

Table A-14. Mixture experiment: coefficient estimates for 1-day strength mixture model

0 Q
Component Egt(i);fafn.te DF | Std. Error 95L/(())“(’:I 95H/io E 1
water 12.93 1 0.62 11.64 14.21
Cement 35.42 1 0.83 33.72 37.12
Silica fume 24.89 1 1.15 22.52 27.25
HRWRA 10.83 1 8.88 -7.42 29.07
Coarse aggregate 22.04 1 0.43 21.16 22.93
Fine aggregate 21.50 1 0.57 20.32 22.67
Water—fine aggregate 7.58 1 2.83 1.77 13.39
Cement—fine aggregate -10.07 1 3.30 -16.86 -3.29
Silica fume—HRWRA 78.71 1 30.04 16.95 140.47
HRWRA—fine aggregate 80.50 1 21.85 35.60 125.41

Model equation in terms of pseudocomponents:

Slump =12.93*A +35.42*B + 24.89%C + 10.83*D + 22.04*E + 21.50*F + 7.58* A*F
— 10.07*B*F + 78.71*C*D + 80.50*D*F

Model equation in terms of real components:
_1209.1*water + 1775.9%cement — 74.71*SF — 1 1969*HRWRA

+59.59*Coarse agg — 105.24*Fine agg + 4214.9*water*Fine agg
_ 5603.1*cement*Fine agg + 43782 *SF*HRWRA + 44781 *HRWRA*Fine agg

Slump =
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Figure A-8. Mixture experiment: residuals vs. run for 1-day strength
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Figure A-9. Mixture experiment: trace plot for 1-day strength
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Figure A-10. Mixture experiment: contour piot of 1-day strength in
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A: water
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0.153 0.160 0.0274
B: cement D: HRWRA

Figure A-11. Mixture experiment: contour plot of 1-day strength in water,
cement, and HRWRA
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Figure A-12, Mixture experiment: contour plot of 1-day strength in water,
cement, and fine aggregate
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Figure A-13. Mixture experiment: contour plot of 1-day strength in silica fume,
HRWRA, and fine aggregate '
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Figure A-14. Mixture experiment: contour plot of 1-day strength in silica
fume, coarse aggregate, and fine aggregate
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A.2.3 28-Day Strength

Table A-15. Mixture experiment: sequential model sum of squares for 28-day strength

Source Sum of Squares | DF | Mean Square | F Value | Prob > F
Mean 106213.0 1 106213.0 — -
Linear 257.52 5 51.50 5.46 0.0011
Quadratic 135.19 15 9.01 0.92 0.5665
Special cubic (aliased) 55.45 7 7.92 0.69 0.6826
Cubic (aliased) 0.00 0 - - -
Residual 92.17 8 11.52 - —
Total 106753.3 36 2965.37 - -

Table A-16. Mixture experiment: lack-of-fit test for 28-day strength

Source Sum of Squares | DF | Mean Square | F Value | Prob>F
Linear 190.64 22 8.67 0.75 0.7193
Quadratic 55.45 7 7.92 0.69 0.6826
Special cubic (aliased) 0.00 0 - - ~
Cubic (aliased) 0.00 0 - - —
Pure error 92.17 8 11.52 - -

Table A-17. Mixture experiment: model summary statistics for 28-day strength

2

Source Std. Dev. r Adj. r’ Pred. 1’ PRESS
Linear 3.07 0.4755 0.3894 0.2678 395.63
Quadratic 3.14 0.7268 0.3625 ~1.5516 1378.72
Special cubic (aliased) 3.39 0.8294 0.2537 - undefined
Cubic (aliased) - - - — undefined
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Table A-18. Mixture experiment: ANOVA for 28-day strength mixture model

Source Sum of Squares DF | Mean Square | F Value | Prob>F
Model 257.52 5 51.50 5.46 0.0011
Linear mixture 257.52 5 51.50 5.46 0.0011
Residual 282.81 30 9.43 - -
Lack of fit 190.64 22 8.67 0.75 0.7193
Pure error 92.17 8 11.52 - -
Corrected total 540.33 35 - — -

Table A-19. Mixture experiment: estimated coefficients for 28-day strength mixture model

Component Eft(iﬁf:‘te DF | Std. Error 95;{(;‘51 9?_;2;1
Water 48.60 1 1.88 44.77 52.43
Cement 54.30 1 2.47 49.25 59.35
Silica fume 50.36 1 3.33 43.56 57.15
HRWRA 134.13 1 18.55 96.24 172.01
Coarse aggregate 52.14 1 1.64 48.79 55.50
Fine aggregate 54.21 1 1.72 50.70 57.73

Table A-20. Mixture experiment: adjusted effects for 28-day strength mixture model

Component Ag"flfl:z:d DF | Std. Error ?II: 1;:1' ;ﬁctt io(l; Prob >t
Water -12.04 1 2.40 -5.01 < 0.0001
Cement -6.41 1 2.31 -2.78 0.0093
Silica fume -6.05 1 1.93 -3.13 0.0039
HRWRA 5.43 1 1.27 4.28 0.0002
Coarse aggregate -16.17 1 3.84 -4.22 0.0002
Fine aggregate -13.69 1 4.08 -3.35 0.0022

Model equation in terms of pseudocomponents:

28-Day Strength = 48.60*A + 54.30*B + 50.36*C + 134.13*D + 52.14*E + 54.21*F

Model equation in terms of real components:

28-Day Strength = —45.22*water + 89.15*cement — 3.809*silica fume + 1972*HRWRA
+ 38.36*Coarse agg + 87.19*Fine agg
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Figure A-15. Mixture experiment: normal probability plot for 28-day strength

3.00
-]
-]
0 L =
© 1.50 — -
=
D B aE -]
< B
x = B u B g
? 0.00 & e - T
N T ]
= P =
% L =1
R B
2 g =
Nh.150 —| @ ]
]
-3.00

l\\ll1\‘lI]ll!l‘llllllill[‘lll"l!ll

4 9 14 19 24 29 34 39

Run Number

Figure A-16. Mixture experiment: residuals vs. run for 28-day strength
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Figure A-17. Mixture experiment: Cook’s distance vs. run for 28-day strength
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Figure A-18. Mixture experiment: trace plot for 28-day strength
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A: water
0.175

0.028 0.160 0.0198
C: silica fume D: HRWRA

Figure A-19. Mixture experiment: contour plot of 28-day strength in water, silica
fume, and HRWRA
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C: silica fume E: Coarse agg

Figure A-20. Mixture experiment: contour plot of 28-day strength in water, silica
fume, and coarse aggregate

A-19



B: cement
0.170

0.440 0.130 _ 0.290
E: Coarse agg F: Fine agg

Figure A-21. Mixture experiment: contour plot of 28-day strength in cement, coarse
aggregate, and fine aggregate
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A.2.4 RCT Charge Passed

Table A-21. Mixture experiment: sequential model sum of squares for RCT charge passed

Source Sum of Squares | DF Mean Square F Value | Prob>F
Mean 1441.26 1 1441.26 - -
Linear 6.75 5 1.35 57.33 <0.0001
Quadratic 0.38 15 0.03 1.17 0.3846
Special cubic (aliased) 0.11 7 0.02 0.57 0.7607
Cubic (aliased) 0.00 0 - - -
Residual 0.22 8 0.03 - -
Total 1448.72 36 40.24 - —

Table A-22. Mixture experiment: lack-of-fit test for RCT charge passed

Source Sum of Squares | DF Mean Square F Value | Prob>F
Linear 0.490 22 0.022 0.82 0.6666
Quadratic 0.109 7 0.016 0.57 0.7607
Special cubic (aliased) 0.000 0 - - -
Cubic (aliased) 0.000 0 - — -
Pure error 0.217 8 0.027 - -

Table A-23. Mixture experiment: model summary statistics for RCT charge passed

2

Source Std. Dev. r Adj.r* Pred. r* PRESS
Linear 0.15 0.9053 0.8895 0.8647 1.01
Quadratic 0.15 0.9563 0.8980 0.8044 1.46
Special cubic (aliased) 0.16 0.9709 0.8726 - undefined
Cubic (aliased) - - - - undefined

Table A-24. Mixture experiment: ANOVA for RCT charge passed mixture model

Source Sum of Squares | DF Mean Square F Value | Prob>F
Model 6.75 5 1.35 57.33 <0.0001
Linear mixture 6.75 5 1.35 57.33 <0.0001
Residual 0.71 30 0.024 - -
Lack of fit 0.49 22 0.022 0.82 0.6666
Pure error 0.22 8 0.027 - -
Corrected total 7.46 35 - - —
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Table A-25. Mixture experiment: estimated coefficients for RCT charge passed mixture

model
¢ (1)
Component Egt(i)lf:}e DF | Std. Error 9511(;‘:,:1 95H/iogi(1: I
Water 7.2 1 0.094 7.01 7.39
Cement 6.34 1 0.12 6.09 6.60
Silica fume 4.10 1 0.17 3.76 4.44
HRWRA 5.32 1 0.93 3.43 7.22
Coarse aggregate 6.62 1 0.082 6.46 6.79
Fine aggregate 6.45 1 0.086 6.28 6.63

Table A-26. Mixture experiment: adjusted effects for RCT charge passed mixture model

Adjusted Approx. t for H,

Component EJffec t DF Std. Error p% ffect = 0 Prob >t
Water 0.84 1 0.12 7.03 < 0.0001
Cement 0.19 1 0.12 1.65 0.1087
Silica fume -0.76 1 0.097 -7.83 < 0.0001
HRWRA -0.054 1 0.063 -0.85 0.3999
Coarse aggregate 0.74 1 0.19 3.86 0.0006
Fine aggregate 0.53 1 0.20 2.62 0.0138

Model equation in terms of pseudocomponents:
In(RCT charge passed) =7.20*A + 6.34*B + 4.10%C + 5.32*D + 6.62*E + 6.45*F
Model equation in terms of real components:

In(RCT charge passed) = 20.82*water + 0.629*cement - 52.33*silica fume —23.41*HRWRA
+ 7.235*Coarse agg + 3.190*Fine agg
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Figure A-24. Mixture experiment: residuals vs. predicted for RCT charge
passed (no transform)

315 — ®
B
2 1614 m
=
7 B
o mE - @
B 008 B m &
& @ 8 -]
é ] Bm - EE B
- 2] & ]
=]
D 146 m® =
-3.00
‘\V\\II]II‘II‘l\ll\\lll]i‘l\lil\l\ll
4 9 14 19 24 29 34 39
Run Number

Figure A-25. Mixture experiment: residuals vs. run for RCT charge
passed (no transform)
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Figure A-26. Mixture experiment: residuals vs. predicted for RCT charge
passed (natural log transform)
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Figure A-27. Mixture experiment: residuals vs. run for RCT charge
passed (natural log transform)
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Figure A-28. Mixture experiment: Cook’s distance for RCT charge passed
(natural log transform)
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Figure A-29. Mixture experiment: trace plot for RCT charge
passed (natural log transform)
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A: water
0.184

0.037 0.160 0.424
C: silica fume E: Coarse agg

Figure A-30. Mixture experiment: contour plot of In (RCT charge passed) in
water, silica fume, and coarse aggregate

A: water
0.175

0.028 0.160 0.0198
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Figure A-31. Mixture experiment: contour plot of In (RCT charge passed) in
water, silica fume, and HRWRA
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Figure A-32. Mixture experiment: contour plot of In (RCT charge passed) in
cement, HRWRA, and fine aggregate
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APPENDIX B. Experiment Design and Data Analysis for Factorial Experiment

B.1  Experiment Design and Response Data
Table B-1. Factorial experiment: design by volume fraction of factors
Std Run Point FactorA | Factor B | Factor C | Factor D Factor E
Order | Order w/c Fine Agg | Coarse Agg | HRWRA | Silica Fume
17 1 Center 0.39525 0.2712 0.4212 0.0060 0.0200
11 2 Fact 0.3576 0.2853 0.4071 0.0069 0.0247
7 3 Fact 0.3576 0.2853 0.4353 0.0051 0.0247
10 4 Fact 0.4329 0.2571 0.4071 0.0069 0.0247
4 5 Fact 0.4329 0.2853 0.4071 0.0051 0.0247
12 6 Fact 0.4329 0.2853 0.4071 0.0069 0.0153
2 7 Fact 0.4329 0.2571 0.4071 0.0051 0.0153
1 8 Fact 0.3576 0.2571 0.4071 0.0051 0.0247
18 9 Center 0.39525 0.2712 04212 0.0060 0.0200
8 10 Fact 0.4325 0.2853 0.4353 0.0051 0.0153
9 11 Fact 0.3576 0.2571 0.4071 0.0069 0.0153
6 12 Fact 0.4329 0.2571 0.4353 0.0051 0.0247
3 13 Fact 0.3576 0.2853 0.4071 0.0051 0.0153
14 14 Fact 0.4329 0.2571 0.4353 0.0069 0.0153
15 15 Fact 0.3576 0.2853 0.4353 0.0069 0.0153
13 16 Fact 0.3576 0.2571 0.4353 0.0069 0.0247
19 17 Center 0.39525 0.2712 0.4212 0.0060 0.0200
5 18 Fact 0.3576 0.2571 0.4353 0.0051 0.0153
16 19 Fact 0.4329 0.2853 0.4353 0.0069 0.0247
25 20 Axial 0.39525 | 0.2712 0.4494 0.0060 0.0200
21 21 Axial 0.47055 0.2712 0.4212 0.0060 0.0200
23 22 Axial 0.39525 0.2994 0.4212 0.0060 0.0200
27 23 Axial 0.39525 0.2712 0.4212 0.0078 0.0200
20 24 Axial 0.31995 0.2712 0.4212 0.0060 0.0200
31 25 Center 0.39525 0.2712 0.4212 0.0060 0.0200
26 26 Axial 0.39525 0.2712 0.4212 0.0042 0.0200
28 27 Axial 0.39525 0.2712 0.4212 0.0060 0.0106
24 28 Axial 0.39525 0.2712 0.3930 0.0060 0.0200
29 29 Axial 0.39525 0.2712 0.4212 0.0060 0.0294
22 30 Axial 0.39525 0.243 0.4212 0.0060 0.0200
30 31 Center 0.39525 0.2712 0.4212 0.0060 0.0200
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Table B-2. Factorial experiment: slump and 1-day strength data

Run Point Slump (mm) 1-Day Strength (MPa)
1 Center 76 70 16.6 16.0 16.2
2 Fact 44 44 22.2 22.5 23.0
3 Fact 13 13 22.5 17.9 22.0
4 Fact 102 102 15.8 16.7 16.8
5 Fact 57 57 16.4 16.7 16.1
6 Fact 140 146 13.4 14.2 13.2
7 Fact 70 64 13.9 11.1 13.7
8 Fact 13 13 17.7 22.8 20.5
9 Center 89 83 17.9 18.6 18.7
10 Fact 102 102 15.2 15.2 15.2
11 Fact 140 140 20.9 20.7 20.4
12 Fact 32 32 13.8 18.8 18.9
13 Fact 13 13 24.5 23.3 24.7
14 Fact 76 76 17.3 17.2 17.2
15 Fact 13 13 22.7 19.5 21.8
16 Fact 13 13 20.8 20.6 21.4
17 Center 51 64 194 18.9 18.1
18 Fact 32 25 21.4 22.2 22.1
19 Fact 38 32 16.0 16.1 16.3
20 Axial 38 38 18.7 19.3 18.9
21 Axial 121 114 14.5 14.9 14.0
22 Axial 70 64 18.0 17.8 17.5
23 Axial 64 64 19.3 20.0 20.4
24 Axial 19 13 26.0 25.4 27.7
25 Center 83 76 20.2 17.3 19.6
26 Axial 64 64 18.9 19.5 18.9
27 Axial 152 152 16.4 17.0 16.9
28 Axial 95 95 20.1 20.8 19.7
29 Axial 38 32 17.2 20.1 18.0
30 Axial 102 102 17.7 17.0 17.7
31 Center 76 76 16.8 19.6 18.8
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Table B-3. Factorial experiment: 28-day strength and RCT charge passed data

Run Point 28-Day Strength (MPa) RCT Charge Passed (coulombs)
1 Center 54.0 63.0 — — 263 296 300
2 |Fact | 594 | 602 | - - 186 472 268
3 Fact 53.5 52.8 51.7 — 151 151 178
4 Fact 62.7 60.8 55.1 | 62.9 280 329 279
5 Fact 52.6 56.6 55.8 — 273 236 262
6 Fact 60.4 52.1 60.6 | 61.3 553 585 485
7 Fact 50.1 494 51.5 — 468 550 490
8 Fact 51.0 56.3 472 | 552 253 240 208
9 Center 63.5 62.5 — — 247 315 305

10 Fact 53.8 54.2 56.3 — 460 437 439
11 Fact 61.6 64.5 60.8 — 415 427 393
12 Fact 56.5 55.3 56.8 — 258 258 240
13 Fact 58.1 50.2 54.4 ~ 343 362 317
14 Fact 52.3 46.6 52.1 — 596 527 481
15 Fact 60.3 58.7 58.6 — 218 288 330
16 Fact 60.2 58.5 62.9 — 208 194 216
17 Center 59.9 54.5 55.5 - 299 327 318
18 Fact 58.4 60.1 56.3 — 360 364 340
19 Fact 65.0 59.9 63.9 — 242 243 206
20 | Axial 56.7 57.0 62.1 — 168 242 224
21 Axial 53.9 51.1 56.7 — 463 461 449
22 Axial 60.7 62.9 63.6 ~ 319 305 257
23 Axial 68.4 66.8 67.1 — 272 280 251
24 | Axial 62.1 59.4 54.0 - 190 184 192
25 Center 58.2 55.8 56.8 — 239 246 287
26 Axial 52.9 48.2 51.6 — 258 281 280
27 | Axial 51.3 55.2 56.8 - 704 766 644
28 Axial 50.0 55.2 54.8 — 268 302 351
29 Axial 55.5 53.8 56.2 — 163 170 153
30 Axial 50.4 49.0 51.6 — 340 304 351
31 Center 55.8 53.3 56.5 - 262 294 274
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B.2

Data Analysis and Model Fitting
B.2.1 Slump

Table B-4. Factorial experiment: sequential model sum of squares for slump

Source Sum of Squares DF Mean Square | F Value | Prob>F
Mean 130296.6 1 130296.6 — -
Linear 31972.38 5 6394.48 9.10 <0.0001
2F1 10539.29 10 1053.93 2.25 0.0755
Quadratic 2598.70 5 519.74 1.18 0.3856
Cubic (aliased) 2316.86 5 463.37 1.10 0.4593
Residual 2104.40 5 420.88 — -
Total 179828.3 31 5800.91 - -

Table B-5. Factorial experiment: lack-of-fit test for slump

Source Sum of Squares DF | Mean Square | FValue | Prob>F
Linear 17103.61 21 814.46 7.15 0.0345
2F1 6564.32 11 596.76 5.24 0.0618
Quadratic 3965.62 6 660.94 5.80 0.0553
Cubic (aliased) 1648.75 1 1648.75 14.47 0.0190
Pure error 455.64 4 113.91 — —

Table B-6. Factorial experiment: ANOVA for slump model

Source Sum of Squares DF Mean Square F Value | Prob>F
Model 40109.97 7 5730.00 13.99 <0.0001

A 12138.75 1 12138.75 29.63 <0.0001

B 606.52 1 606.52 1.48 0.2360

C 6048.38 1 6048.38 14.77 0.0008

D 2426.07 1 2426.07 5.92 0.0231

E 10752.67 1 10752.67 26.25 <0.0001

AB 1837.19 1 1837.19 4.48 0.0452

CDh 6300.39 1 6300.39 15.38 0.0007
Residual 9421.67 23 409.64 — -

Lack of fit 8966.03 19 471.90 4.14 0.0887

Pure error 455.64 4 113.91 - —
Cor total 49531.64 30 - - —




Table B-7. Factorial experiment: summary statistics for slump model

Std. Dev. 20.24 R-Squared 0.8098
Mean 64.83 Adj R-Squared 0.7519
C.V. 31.22 Pred R-Squared 0.6275
PRESS 18452.19 | Adeq Precision 15.6200

Table B-8. Factorial experiment: coefficient estimates for slump model

Factor Coef.ﬁcient DF Standard 95% CI 95% CI

Estimate Error Low High
Intercept 64.83 1 3.64 57.31 72.35
A (w/c) 22.49 1 4.13 13.94 31.04
B (fine agg) -5.03 1 4.13 -13.57 3.52
C (coarse agg) -15.87 1 4.13 -24.42 -7.33
D (HRWRA) 10.05 1 4.13 1.51 18.60
E (silica fume) -21.17 1 4.13 -29.71 -12.62
AB 10.72 1 5.06 0.25 21.18
CD -19.84 1 5.06 -30.31 -9.38

Model equation for slump in terms of coded factors:

Slump = 64.83 + 22.49*%A - 5.03*B — 15.87*C + 10.05*D — 21.17*E + 10.72*A*B —

19.84*C*D

Model equation for slump in terms of actual factors:

Slump =-1365.5 — 4876.9*w/c — 8334.7*fine agg + 8256.5*coarse agg

+6.6982 x 10>*HRWRA — 4503.6*silica fume + 20185*w/c*fine agg
—1.564 x 10° *coarse agg*HRWRA
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Figure B-1. Factorial experiment: normal probability plot for stump
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Figure B-2. Factorial experiment: raw data plot for slump (hollow squares
indicate control runs)

B-6



R2 =(.2451
180
160
140 & ®
120 &

100 &~
80
60
40
0 / ‘ &
L 2

0 1 ¥ i
0.3 0.35 0.4 0.45 0.5

Slump (mm)

w/c

Figure B-3. Factorial experiment: scatterplot of slump vs. w/c
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Figure B-4. Factorial experiment: scatterplot of stump vs. coarse aggregate
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B.2.2 1-Day Strength

Table B-9. Factorial experiment: sequential model sum of squares for 1-day strength

Source Sum of Squares | DF Mean Square | F Value | Prob>F
Mean 10780.54 1 10780.54 - -
Linear 215.97 5 43.19 22.15 <0.0001
2F1 27.35 10 2.73 1.92 0.1236
Quadratic 13.60 5 2.72 3.48 0.0441
Cubic (aliased) 1.86 5 0.37 0.31 0.8865
Residual 5.95 5 1.19 — -
Total 11045.26 31 356.30 - -

Table B-10. Factorial experiment: lack-of-fit test for 1-day strength

Source Sum of Squares DF Mean Square | F Value | Prob>F
Linear 43.98 21 2.09 1.75 0.3129
2F1 16.63 11 1.51 1.27 0.4444
Quadratic 3.03 6 0.51 0.42 0.8339
Cubic (aliased) 1.18 1 1.18 0.98 0.3772
Pure error 4.78 4 1.19 - -

Table B-11. Factorial experiment: ANOVA for 1-day strength model

Source Sum of Squares | DF Mean Square | F Value | Prob>F

Model 240.87 8 30.11 27.76 < 0.0001
A 213.26 1 213.26 196.66 < 0.0001
B 0.48 1 0.48 0.45 0.5113
C 0.043 1 0.043 0.040 0.8433
E 2.06 1 2.06 1.90 0.1819
N 6.20 1 6.20 572 0.0257
AC 5.15 1 5.15 4.75 0.0404
AE 7.16 1 7.16 6.60 0.0175
BC 6.51 1 6.51 6.00 0.0227

Residual 23.86 22 1.08 - —
Lack of fit 19.08 18 1.06 0.89 0.6248
Pure error 4.78 4 1.15 - -

Cor total 264.72 30 — — -
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Table B-12. Factorial experiment: summary statistics for 1-day strength model

Std. Dev. 1.04 R-Squared 0.9099
Mean 18.65 Adj R-Squared 0.8771
C.V. 5.58 Pred R-Squared 0.8294
PRESS 45.16 Adeq Precision 22.583

Table B-13. Factorial experiment: coefficient estimates for 1-day strength model

Factor Coefficient DF Standard 95% CI 95% CI
Estimate Error Low High
Intercept 18.29 1 0.24 17.80 18.79
A (w/c) -2.98 1 0.21 -3.42 -2.54
B (fine agg) 0.14 1 0.21 -0.30 0.58
C (coarse agg) 0.043 1 0.21 -0.40 0.48
E (silica fume) 0.29 1 0.21 -0.15 0.73
A’ 0.46 1 0.19 0.061 0.86
AC 0.57 1 0.26 0.027 1.11
AE 0.67 1 0.26 0.13 1.21
BC -0.64 1 0.26 -1.18 -0.098

Model equation for 1-day strength in terms of coded factors:

1-day strength = 18.29 — 2.98*A + 0.14*B + 0.043*C + 0.29%E + 0.46*A% + 0.57*A*C

+ 0.67*A*E — 0.64*B*C

Model equation for 1-day strength in terms of actual factors:

1-day strength =—63.8 — 860.8*w/c + 1361.3*fine agg + 450.8*coarse agg — 1431.5*silica fume
+323.9%(w/c)® + 1068*w/c*coarse agg + 3780*w/c*silica fume

— 3208*fine agg*coarse agg
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Figure B-11. Factorial experiment: normal probability plot for 1-day strength
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Figure B-12. Factorial experiment: raw data plot for 1-day strength (hollow
squares indicate control runs)
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Figure B-13. Factorial experiment: scatterplot of 1-day strength vs. w/c
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Figure B-14. Factorial experiment: scatterplot of 1-day strength vs. fine aggregate
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Figure B-15. Factorial experiment: séatterplot of 1-day strength vs. coarse aggregate
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Figure B-16. Factorial experiment: scatterplot of 1-day strength vs. HRWRA
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Figure B-17. Factorial experiment: scatterplot of 1-day strength vs. silica fume
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Figure B-18. Factorial experiment: means plot for 1-day strength
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Figure B-19. Factorial experiment: 1-day stremgth vs. run sequence
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Figure B-20. Factorial experiment: lag plot for 1-day strength
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B.2.3. 28-Day Strength

Table B-14. Factorial experiment: sequential model sum of squares for 28-day strength

Source Sum of Squares DF Mean Square F Value | Prob>F
Mean 100300.0 1 100300.0 - -
Linear 292.28 5 58.46 5.71 0.0012
2F1 129.24 10 12.92 1.53 0.2208
Quadratic 27.53 5 551 0.56 0.7318
Cubic (aliased) 61.25 5 12.25 1.62 0.3050
Residual 37.84 5 7.57 - -
Total 100848.1 31 3253.17 - -

Table B-15. Factorial experiment: lack-of-fit test for 28-day strength

Source Sum of Squares DF Mean Square F Value | Prob>F
Linear 219.79 21 10.47 1.16 0.4972
2F1 90.55 11 8.23 0.91 0.5942
Quadratic 63.02 6 10.50 1.16 0.4620
Cubic (aliased) 1.76 1 1.76 0.20 0.6813
Pure error 36.08 4 9.02 - -

Table B-16. Factorial experiment: ANOVA for 28-day strength model

Source Sum of Squares DF Mean Square F Value | Prob>F

Model 300.21 4 75.05 7.87 0.0003
A 16.57 1 16.57 1.74 0.1990
D 223.41 1 223.41 23.43 < 0.0001
E 7.47 1 7.47 0.78 0.3842
AE 52.76 1 52.76 5.53 0.0265

Residual 247.94 26 9.54 ~ —
Lack of fit 211.86 22 9.63 1.07 0.5389
Pure error 36.08 4 9.02 - —

Cor total 548.15 30 - - -




Table B-17. Factorial experiment: summary statistics for 28-day strength model

Std. Dev. 3.09 R-Squared 0.5477
Mean 56.88 Adj R-Squared 0.4781
C.V. 5.43 Pred R-Squared 0.3997
PRESS 329.05 Adeq Precision 9.964

Table B-18. Factorial experiment: coefficient estimates for 28-day strength model

Factor Coefficient DF Standard | 95% CI 95% CI
Estimate Error Low High
Intercept 56.88 1 0.55 55.74 58.02
A (w/c) -0.83 1 0.63 -2.13 0.46
D (HRWRA) 3.05 1 0.63 1.76 4.35
E (silica fume) 0.56 1 0.63 -0.74 1.85
AE 1.82 1 0.77 0.23 3.40

Model equation for 28-day strength in terms of coded factors:
28-day strength = 56.88 — 0.83*A + 3.05*D + 0.56*E + 1.82*%A*E
Model equation for 28-day strength in terms of actual factors:

28-day strength = 124.0 — 227.3*w/c + 3390*HRWRA — 3937.5*silica fume
+ 10262*w/c*silica fume
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Figure B-22. Factorial experiment: raw data plot for 28-day strength (hollow
squares indicate control runs)
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Figure B-24. Factorial experiment: scatterplot of 28-day strength vs. fine aggregate
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Figure B-25. Factorial experiment: scatterplot of 28-day strength vs. coarse aggregate
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Figure B-26. Factorial experiment: scatterplot of 28-day strength vs. HRWRA
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Figure B-27. Factorial experiment: scatterplot of 28-day strength vs. silica fume
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Figure B-29. Factorial experiment: 28-day strength vs. run sequence

70
¢

65
£ o e
- ® ® o ® ®
5 55 St * 3
o 4

¢

z o ¢ %o

45 1 ¥ »I L

45 50 55 60 65 70

lag 28-day strength (MPa)

Figure B-30. Factorial experiment: lag plot for 28-day strength
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B.2.4 RCT Charge Passed (coulombs)

Table B-19. Factorial experiment:

sequential model sum of squares for RCT charge

passed
Source Sum of Squares DF Mean Square F Value Prob>F
Mean 3155867 1 3155867 - —
Linear 393517.2 5 78703.43 27.43 <0.0001
2FI 15156.50 10 1515.65 0.40 0.9252
Quadratic 44410.76 5 8882.15 7.31 0.0040
Cubic (aliased) 10046.83 5 2009.37 4.77 0.0557
Residual 2104.61 5 420.92 - -
Total 3621103 31 116809.8 ~ -
Table B-20. Factorial experiment: lack-of-fit test for RCT charge passed
Source Sum of Squares DF Mean Square F Value Prob>F
Linear 69614.70 21 3314.99 6.30 0.0432
2F1 54458.20 11 4950.75 9.41 0.0221
Quadratic 10047.44 6 1674.57 3.18 0.1410
Cubic (aliased) 0.61 1 0.61 .001 0.9745
Pure error 2104.00 4 526.00 - -~
Table B-21. Factorial experiment: ANOVA for RCT charge passed model
Source Sum of Squares DF Mean Square F Value Prob>F
Model 441455.3 6 73575.89 74.25 <0.0001
A 81666.67 1 81666.67 82.42 <0.0001
B 6868.17 1 6868.17 6.93 0.0146
C 11440.67 1 11440.67 11.55 0.0024
E 292604.2 1 292604.2 295.30 <0.0001
E2 38369.41 1 38369.41 38.72 <0.0001
AE 10506.25 1 10506.25 10.60 0.0034
Residual 23780.54 24 990.86 - —
Lack of fit 21676.54 20 1083.83 2.06 0.2537
Pure error 2104.00 4 526.00 - -
Cor total 465235.9 30 - - -
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Table B-22. Factorial experiment: summary statistics for RCT charge passed model

Std. Dev. 31.48 R-Squared 0.9489
Mean 319.06 Adj R-Squared 0.9361
C.V. 9.87 Pred R-Squared 0.8784
PRESS 56577.00 | Adeq Precision 34.166

Table B-23. Factorial experiment: coefficient estimates for RCT charge passed model

Factor Coefficient DF Standard 95% CI 95% CI

Estimate Error Low High
Intercept 291.11 1 7.22 276.20 306.01
A (w/c) 58.33 1 6.43 45.07 71.59
B (fine agg) -16.92 1 6.43 -30.18 -3.66
C (coarse agg) -21.83 1 6.43 -35.09 -8.57
E (silica fume) -110.42 1 6.43 -123.68 -97.16
E° 36.11 1 5.80 24.14 48.09
AE -25.63 1 7.87 -41.87 -9.38

Model equation for RCT charge passed in terms of coded factors:

RCT charge passed = 291.11 + 58.33*A — 16.92*B - 21.83*C - 110.42*E + 36.1 1*E
—25.63*A*E

Model equation for RCT charge passed in terms of actual factors:
RCT charge passed = 635.4 + 4445.6*w/c — 1199.8*fine agg — 1548.5*coarse agg

— 31651%*silica fume + 1.635 x 10%*(silica fume)*
— 1.448 x 10°*w/c*silica fume
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Figure B-31. Factorial experiment: normal probability plot for RCT charge passed
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Figure B-32. Factorial experiment: raw data plot for RCT charge passed (hollow squares
indicate control runs)
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Figure B-33. Factorial experiment: scatterplot of RCT charge passed vs. w/c
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Figure B-34. Factorial experiment: scatterplot of RCT charge passed vs. fine aggregate
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Figure B-35. Factorial experiment: scatterplot of RCT charge passed vs. coarse aggregate
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Figure B-36. Factorial experiment: scatterplot of RCT charge passed vs. HRWRA
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Figure B-37. Factorial experiment: scatterplot of RCT charge passed vs. silica fume

(o)) ~
o o
o o
*—-——-" I

Charge Passed (coulombs)

O'lllllllllllllllllllllllllllll|l|llllllll

w/c CA FA HRWRA SF

Factor

Figure B-38. Factorial experiment: means plot for RCT charge passed
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Figure B-39. Factorial experiment: RCT charge passed vs. run sequence

800
é 700 ®

© 600

3 500 ¢ ¢ o

L ® o

= 400 7S

3 30 ees® *®

% 0 ¢ ¢ o A —*

© ¢ - ®

S 200

& 100 * ¢

2

g 0 T T T

© 0 200 400 600 800

lag charge passed (coulombs)

Figure B-40. Factorial experiment: lag plot for RCT charge passed
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ABSTRACT

This user’s guide provides instructions for and examples of using the Concrete Optimization
Software Tool (COST), a joint product of the Federal Highway Administration and the National
Institute of Standards and Technology. COST provides an Internet-based system for optimizing
concrete performance based on statistical experiment design and analysis methods. Working
with local raw materials, COST designs an experimental program of concrete mixtures to be
prepared and evaluated. In these mixtures, the user can vary the water-to-cement (w/c) ratio and
other concrete mixture parameters such as the cement, mineral and chemical admixture, and
aggregate contents. Once the measured responses (properties) for the prepared concretes are
input into the COST system, it analyzes the results and determines the optimum mixture
proportions based on user-supplied performance criteria. Results and analysis are provided in
both graphical and numerical formats to aid in interpretation. Typical uses of COST might be to
design a concrete that meets all specifications at minimum cost or to design a concrete that
provides maximum durability within a specific cost range.

Keywords: Building technology, concrete, experiment design, mixture proportioning,
optimization, response surfaces.

C-2



SECTION 1
Overview

C1.1 Introduction

In the simplest case, portland cement concrete is a four-component mixture of water, portland
cement, fine aggregate, and coarse aggregate. Additional components, such as chemical
admixtures (air entraining agents, superplasticizers) and mineral admixtures (coal fly ash, silica
fume, blast furnace slag), may be added to the basic mixture to enhance certain properties of the
fresh or hardened concrete. High-performance concrete mixtures, which may be required to
meet several performance criteria (e.g., compressive strength, elastic moduli, rapid chloride
permeability) simultaneously, typically contain at least six components. Thus, optimizing
mixture proportions for high-performance concrete, which contains many constituents and is
often subject to several performance constraints, can be a difficult and time-consuming task.

The Concrete Optimization Software Tool (COST) is an online interactive system developed to
assist engineers, concrete producers, and researchers in optimizing portland cement concrete
mixtures for their particular applications. COST applies response surface methodology (RSM), a
collection of statistical experiment design and analysis methods, to the problem of optimizing
concrete mixture proportions. RSM is often used in industry for product development,
formulation, and improvement, and is applicable to problems such as concrete mixture
proportioning where several input variables (factors) influence a performance measure
(response).

COST is intended to provide an introduction to concrete practitioners who are unfamiliar with
the concepts and process of applying RSM to concrete mixture proportioning. COST allows
users to learn how RSM can be applied to the problem of optimizing concrete mixtures.

There are two scenarios for which COST could be applied:

1. The first, and probably most common, would be the case where a user wants to proportion a
concrete mixture to meet a set of specifications at minimum material cost.

2. The second is the case where the user wants to maximize (or minimize) a particular response
or responses, irrespective of cost.

COST can be used to optimize cement paste, mortar, or concrete mixtures. In all three cases,
varying the mixture component proportions affects both fresh and hardened properties of the
paste, mortar or concrete. The properties (responses) depend on the proportions of the
components. Table C-1 lists examples of typical components and responses for concrete
mixtures (components and responses other than those listed can be used).

In COST, the water-cement (w/c) ratio (or water-cementitious materials (w/cm) ratio) is varied

- along with up to four additional components. These are referred to as variable factors. Other
factors may be included in the mixture at fixed (constant) levels, and are referred to as fixed
factors. Up to five concrete properties, or responses, (e.g., slump, strength, air content, cost, etc.)
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can be designated by the user according to the requirements of the application. These concepts
are explained more fully in section 2.

Table C-1. Examples of components and responses

Components Responses
Water Fresh properties
Cement (including blended cements) (e.g., slump, air content, unit
Mineral admixtures weight, temperature, set time)
(e.g., fly ash, silica fume, slag, Mechanical properties
metakaolin) (e.g., strength, modulus of elasticity,
Chemical admixtures shrinkage, creep)
(water reducers, retarders, air Durability
entraining agents) (e.g., freeze-thaw, scaling, alkali
Aggregate silica reaction, sulfate attack,

abrasion)

COST is accessible via the Internet. The program consists of a front-end HTML interface that
allows the user to enter required information. Underlying code (written in C) processes the
input, generates the experiment designs and mixture proportions, calls routines for statistical
analysis, and generates output. The statistical analysis routines are part of an interactive
statistical software package, DATAPLOT, which was developed at the National Institute of
Standards and Technology (NIST).

C1.2 Scope

COST is not intended to supplant or compete with commercially available experiment design
and analysis software packages. Rather, the purpose of COST is to introduce to the concrete
practitioner the concepts of statistical experiment design and analysis using RSM and how they
might be applied to concrete mixture proportioning. COST is specifically geared toward the
application of these methods to concrete mixture proportioning.

This section provides a general overview of the COST program. Section 2 of this manual
provides step-by-step instructions for using COST. Section 3 contains a glossary of terms,
additional details on the statistical aspects of the experiment designs and analyses used, and a list
of references.

C1.3 System Requirements

To use COST, your system must have the following components and settings:

o Personal computer (Pentium®' or equivalent) with video card and monitor set for 800 x 600
resolution (min) and 65536 colors.

! Certain commercial products are identified to completely specify the COST system. In no case does such
identification imply endorsement by NIST or the FHWA or that the identified products are the best available for
the purpose.
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e Access to the Internet (World Wide Web) and one of the following browsers: Netscape
Navigator 4.0 (or above) or Microsoft® Internet Explorer 4.0 (or above). The COST
interface uses both frames and JavaScript.

C1.4 Disclaimer

This software was developed at NIST by employees of the Federal Government in the course of
their official duties. Pursuant to Title 17, Section 105 of the U.S. Code, this software is not
subject to copyright protection and is in the public domain. COST is an experimental system.
NIST and the Federal Highway Administration (FHWA) assume no responsibility whatsoever
for its use by other parties, and make no guarantees, expressed or implied, about its quality,
reliability, or any other characteristic. We would appreciate acknowledgement if the software is
used.

The U.S. Department of Commerce and the U.S. Department of Transpotation make no
warranty, expressed or implied, to users of COST and associated computer programs, and
accepts no responsibility for its use. Users of COST assume sole responsibility under Federal
law for determining the appropriateness of its use in any particular application; for any
conclusions drawn from the results of its use; and for any actions taken or not taken as a result of
analyses performed using these tools.

Users are warned that COST is intended for use only by those competent in the field of concrete
technology and is intended to supplement the informed judgment of the qualified user. Lack of

accurate predictions by the COST models could lead to erroneous conclusions with regard to
materials selection and design. All results should be evaluated by an informed user.

C1.5 General Information

C1.5.1 COST Homepage and Main Menu

The COST homepage may be accessed at http:/ciks.cbt.nist.gov/cost. The COST homepage is
shown in figure C-1.

The homepage contains a brief overview of the COST program. The blue bar on the left side of
the screen is the main menu. Menu selections are described briefly below. Details on each step
are provided in section 2, “Using COST.”
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Links to
NIST &
FHWA
homepages
Concrete Opﬂmtzatton S oftware Tool
WELCOMEI OVerVieW
Menu CQOsT (Cum):r;te owmizatiogp%?nk;%:gjor:\l:s :n onlxnzunire:;%nu/:?:wsis system to assist concrete producers, engineers and Of COST
with appropriate input from the user, COST usas statistical experiment design {DEX) principlas to generate a set of trial

Frame bhatches {an experimantal plan). The trial batchas, which consist of batching, mixing, fabricating spedmens, and perform
necassary tests, ara run by the user. The test results (data) can then be entered into COST for analysis and optimizal

Cost uses apprapriate statistical analysas, both graphical and numerical, to assist the user in determining optimal mixture
proportions to moet the particular project requirements.

Thera ara bwa likaly scenarios in which COST would be used:

 The first (and probably most common) would be to proportion a concreto mixture to meet a set of performance criteris
ixbur

whila minimizing the cost of the mixture,

* Ancther possible chjective is to maximize or minimize one or more resgonses (for instanca, to achisve the highest
possitle strength).

COST requiras the following input:

1. One to five performance criteris (e.q., slump, 28-day strength, etc.) and specificatian requiraments for sach
performance criterion {a.g., minimum strangth, allowable slump range, etx.)

2. Twao to five mixture components and lower and upper fimits on each compenant’s proportions,

3. Materlal prop: naeded ta ina mixture 3 and costs (specific gravities, absorption, cost, ete.)

e

Figure C-1. COST homepage

COST Home—allows user to return to the initial screen (figure C-1) at any time.

Specify Responses—user enters information on responses to be measured. Responses are the
measured properties of the concrete (fresh or hardened) such as slump, air content, strength,
shrinkage, etc., that are specified for the particular project.

Specify Mixtures—user enters information on mixture components and proportions, and COST
generates an experimental plan.

View Experimental Plan—user can view a previously generated experimental plan.

Run Trial Batches—contains guidelines for performing the trial batches according to the
experimental plan. This step is performed by the user in his/her laboratory, and involves
batching, fabricating, curing, and testing specimens. Types of specimens and test methods used
will depend on the responses specified in step 1. Itis the user’s responsibility to determine the
appropriate test method to use.

Enter Results—user enters test results for each trial batch and each response.

Analyze Data—COST provides 10 analysis tasks to assist the user in analyzing and interpreting
the results. The tasks include checking the experiment design, looking at trends in the data
graphically, generating empirical (quadratic) models for each response, and optimizing according
to individual runs, means, and models.

Summarize Analysis—summary of main results of analysis.
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User’s Guide—HTML version of the COST User’s Guide. A PDF version is also available for
download.

FAQ’s—frequently asked questions.

References—a list of references on statistics, response surface methods and DATAPLOT
(software used by COST).

Glossary—a glossary of statistical terms.
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SECTION 2
Using COST

C2.1 Background and Preliminary Planning

Using COST requires several steps, including planning, running trial batches, entering results,
analyzing, interpreting, and summarizing results. These tasks have been divided into the
following six steps (as listed in the COST menu):

Specify responses.
Specify mixtures.
Run trial batches.
Enter results.
Analyze data.
Summarize analysis.

In most cases, these steps will be performed in the order listed above. Each step is described in
detail in the sections below.

Before starting the six-step process, the user must perform some preliminary steps:

1.

Define the overall objective of the project. Typical objectives include the following:

o Minimize cost while meeting several performance criteria for responses.
o Minimize or maximize a single response or several responses.

Define the properties (responses) and mixture components (factors) to be included, and
define which will be variable or fixed factors. Variable factors include w/c or w/cm plus up
to four additional components. Additional factors may be included at fixed levels. See
“Background Information” below for further details.

Define the performance criteria (most likely based on the job specifications) for each
response, and the numerical ranges for each factor.

Collect necessary material information (e.g., properties and costs of each component). The
required information for each type of material is listed in table C-2.

C2.1.1 Responses

Responses are the concrete properties of interest that will be measured and compared to specified
performance criteria (i.e., limits on allowable values of the responses). The responses are

dependent variables; that is, the value of a measured response depends on the settings of the
independent variables, or factors (see step 2 below). Responses and performance criteria are

often dictated by specifications. For example, the specifications for a particular job may indicate

that the concrete must have a slump between 50 mm and 100 mm, an air content between 4.5

percent and 7.5 percent by volume, and 28-day strength greater than 69 MPa. The responses in
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this case are slump, air content and 28-day strength, and the performance criteria are the ranges
of acceptable values of the responses.

C2.1.2 Factors

The factors are the independent variables that affect the measured values of the responses. For
concrete mixtures, these factors include mixture proportions (relative amounts of each
component material) as well as others related to construction practice and environmental
conditions. COST assumes that construction and environmental conditions are fixed (as in the
case of a set of laboratory or plant trial batches), so the factors of concern are the mixture
proportions for each component.

Concrete can contain a variety of component materials. Allowable material types for this
version of COST include the following:

Water.

Cement.

Mineral admixtures (up to 4): fly ash, silica fume, slag, other (user specified).
Chemical admixtures (up to 3): all user specified.

Aggregates (up to 3): coarse, fine, other (user specified).

e e @& o o

COST always requires that either w/c or w/cm be included as a variable factor. Thus, the two
mixture components water and cement are accounted for in this single factor.

Factors may be variable or fixed (set at a constant level). For concrete mixture proportioning,
variable factors would usually be the mixture components expected to have the most significant
effects on the responses. Fixed factors would be those expected to have little or no effect, and
would be held constant in the experiment. Any of the factors included in COST may be set as
variable or fixed; however, COST limits the user to a maximum of five variable factors for any
one experiment (the greater the number of variable factors, the greater the number of trial
batches required). Because w/c or w/cm is always considered to be one factor, up to six material
components (water, cement, and four others) may be varied.

For all variable factors, low and high settings, or levels, must be defined. The low and high
settings are the range over which the factor will vary. For example, w/c could have a range of
0.35 (low level) to 0.45 (high level), or silica fume could have a range of 5 to 10 percent (cement
mass replacement). For fixed factors, a fixed (constant) level is specified.

Table C-2 summarizes the information required for different types of materials.
Once the user has decided on the factors to include, defined their ranges (for variable factors) or
constant levels (for fixed factors), and obtained other necessary information (table C-2), the

information may be entered into COST to generate a trial batch plan.

In most cases, the selection of components and their ranges is up to the user; however, in some
cases, some of the factors and levels may be designated in specifications. For example, a
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specification may have a maximum w/c, or minimum silica fume content. COST does not
provide guidance on the selection of minimum and maximum values for the components.

Table C-2. Information required for different materials

Material Information Required
Water None
Specific gravity
Cement Cost ($/kg)
Mineral Replgcement .rate (percent mass fraction of cement)
admixture Specific gravity
Cost ($/kg)

Dosage rate (liters per kg cement)
Chemical Specific gravity

admixture Percent solids (by mass fraction)
Cost ($/liter)

Volume fraction (or mass fraction)
Specific gravity

Aggregates | Absorption (%)

Moisture content (%)

Cost ($/kg)
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C2.2 Step 1—Specify Responses
When “Specify Responses” is selected from the main menu, a form entitled “COST Input Form:

Response Information” appears in the right frame. This form is shown in figure C-2.

COST Input Form: Response Information

Response 1 Response2 Response3 Response 4 Response 5
Response Name  [[cost ' [s1ump | [28-day_str | [rone | [wone
Units [is_cusp) [ - [pea | [pea | [lcoutombs
Lowerlimt  [F-100 | rraoo ' [rro0 |00 | [Ftoo
Upperlimt 199999 | {99 | [oo999 | [b999s . |o99s
Resultweight (0-1y |1.0 | .o 1o .o 1o
Weightfunction | Minimum 2| [ Mimun @] [ Miwmen 9] | Mimen o | Momm o]

Enter name of datafile to store results in (eight characters maximum):  |mix001 ‘

l [Submit response information]  [Reset all values to defauts|

Return to top of page

Figure C-2. “Response Information” form
Referring to figure C-2, the following information must be entered into COST for each response:

e A mame for the response. The name should be as short as possible (no more than 10
characters) and may include alphanumeric characters and underscores (e.g., slump,
28-day_str). No other characters are allowed.

e The units in which the response is measured.

e A lower limit for the response, if applicable. This would be a specified minimum value
(e.g., minimum 1-day strength of 15 MPa). If there is not a lower limit for the response, a
default value of —100 is used.

e An upper limit for the response, if applicable. This would be a specified maximum value
(e.g., maximum rapid chloride permeability (RCT) test result of 1000 coulombs). If there is
no upper limit, a default value of 99999 is used.



o A result weight factor between 0 and 1, to indicate the relative importance of the response
in optimization, compared to the other responses. A factor of 1 indicates most important.
The default value is 1 for all responses. If all responses are of equal importance, use the
default values. (Note: to optimize a single response while ignoring all others, set the weight
Jactor of the response of interest to 1 and the weight factors of all others to zero).

e The type of weight function to use in optimization. Choices are:

o Minimum value is best (linear decreasing from 1 to 0 over response range).

© Maximum value is best (linear increasing 0 to 1 over response range).

o Target value is best (linear increasing from 0 to 1 over lower half of response range, and
decreasing from 1 to O over upper half of response range).

o Within range (all values in range are equally acceptable but no values outside range are
acceptable).

The response range is defined by the lower and upper limits specified above, or by the
minimum (or maximum) value of the response obtained in the experiment if it is greater than
(less than) the lower (upper) limit. A different type of weight function can be specified for
each response, if desired.

e A filename for the project, eight characters or fewer (alphanumeric characters only) and no
extension. The filename will be unique to a particular project, and COST will create several
files using the same filename with different extensions as you proceed through the steps
(Note: remember this filename, as it will be needed in subsequent steps as well).

After entering the filename, the user should click on “Submit” to submit the completed form
information to COST, or “Reset” to reset all settings to their default values.
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C2.3 Step 2—Specify Mixtures

When “Specify Mixtures” is selected from the main menu, a form entitled “COST Input Form:
Mixture Factors and Information” appears. Figure C-3 shows the first two sections of this form.
The instructions for completing these sections are listed below.

COST Input Form: Mixture Factors and Information

The first step in completing this form is to specify the number of factors (parameters) to be varied in the experiment.

COST requires that wic (water-cement ratic by mass) or wicm (water-cementitious materials ratio by mass) be one of the factors (this requirament incorporates two mixture
companents, water and cernent, into one variable factor). Up to four additional factars may be varled (additional mixture componants may be included as fixed factors), giving 2
maximum of five factors, or parameters, that can be varied. The number offrial batches {runs) required increases with the number of variable factors.

Number of parameters to vary: lVaw 4 parameters (27 or 29 runs) :ﬂ

The second step is to select wic or w/cm as a variable factor and to provide cement information.

Selectwic orwicm using the radic buttons (the deprassed button corresponds to the activated selection) and enter min and maxvalues for your selection, pius cement specific
gravity and cost. (NOTE: The terms "min® and “max’ refer to the low and high setlings to be used in the experiment for a varlable factor).

camsnt specific cement

min max gravity cost ($rkg)

@ wic € wiem |0.35 & {0.45 [3.15 | Jo.081]

Figure C-3. First two sections of “Mixture Factors and Information” input form

C2.3.1 Instructions for Section 1: Number of Parameters (Factors) to Vary

In section 1, the number of parameters (factors) to vary is selected. The user may select 2 to 5
parameters to vary (default is 4). The number of experimental runs is also shown for each
selection. The number of experimental runs depends on whether the user includes 3 or 5 center
points in the design (the number of center points is entered at the bottom of the form).

¢ To select the number of parameters to vary, use the pulldown menu.

(C2.3.2 Instructions for Section 2: Select w/c or w/cm

In section 2, the user selects w/c or w/cm as a factor, defines the range (low and high settings)
for this factor, and enters information about the cement.

o To select w/c or w/cm , click on the radio button next to the desired choice.

o Enter the low and high settings of w/c or w/cm (by mass fraction) in the boxes labeled
“min” and “max”, respectively.

o Enter the cement specific gravity.

» Enter the cement cost in dollars per kilogram.
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C2.3.3 Instructions for Section 3: Select Other Mixture Components

The third section of the form allows selection of other mixture components (mineral admixtures,
chemical admixtures, and aggregates). A maximum of four additional variable factors, and any
number of fixed factors, may be included. The total number of variable factors selected
(including w/c or w/cm, selected in section 2) must match the “number of parameters to vary”
selected in section 1.

The additional factors are selected from three types of materials: mineral admixtures, chemical
admixtures, and aggregates. Regardless of type, the first task is to indicate whether the factor
will be included or not, and if it will be included, whether it will be variable or fixed. This
setting is defined using a pulldown menu on the left of the factor name, as described in the
following instructions (refer to figure C-4 below):

e To include a component as a variable factor, select “On” in the pulldown menu at the left.
Enter the type of material (if not predefined), the low and high settings in the “min” and
“max” boxes, and the additional information in the other boxes.

e To include a component as a fixed factor (held at a constant level), select “Off” in the
pulldown menu on the left, and enter a nonzero fixed setting in the “min” box (the entry in
the “max” box will be ignored). Then enter the additional information for each fixed factor
in the boxes.

® To exclude a component completely, select “Off” in the pulldown menu on the left, and set
the value in the “min” box to zero. All other information for these factors is ignored. NOTE:
this is the default setting for all factors.

The third step Is to select the other components to be inciuded as factors (efther variable or fixed), and te provide the required material information.
Mineral admixtures

Tolnclude a mineral admixdure as a variable factor, select*On” and enter the requested information (enter min and max values as percent cement mass replacement). To
Include a mineral admbdure as a fixed faclor, select"Oft* and enter a non-zero fixed value as the *min" value. To exclude a mineral admidure, make sure “Of' Is selected and
the min value'is zero (default).

Type min max specific gravity  cost($/kg)
siieatume 0. 0 5o 2 foes
fyasn 0.0 B0 [ oan
slag 0.0 T LTRSS 2R o (P T

() CRCRNNNN b ECTCIN

Figure C-4. Third section of “Mixture Factors...” form (mineral admixtures section)
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C2.3.4 Specific Instructions for Mineral Admixtures

There are three pre-designated mineral admixtures (fly ash, silica fume, and slag), plus one blank
for a user-designated choice. Mineral admixtures ranges are defined in terms of percent cement
mass replacement. Specific gravity and cost must also be entered.

» Enter the name of the mineral admixture (if the user-defined box is used).

o To define the range for a mineral admixture, enter the min and max values in units of
percent cement mass replacement.

o Enter the specific gravity of the mineral admixture.
o Enter the cost of the mineral admixture in dollars per kilogram.
C2.3.5 Specific Instructions for Chemical Admixtures

All chemical admixtures are user-designated, and chemical admixtures ranges are defined in
terms of dosage rate in liters per kg of cement.

Chemical admixtures

To include a chemical admixture as a variable factor, select "On" and enter the requested information
{enter min and max values as dosage in liters per kg of cement). To include a chemical admixture as a
fixed factor, select "Off" and enter a non-zero fixed value as the "min" value. To exclude a chemical
admixture, make sure "Off" is selected and the min value is zero {default). Please use underscores
instead of spaces in the chemical admixture names.

[offa] I [ fooo |jzo ifz.o I [s0.0 120
loff=] i oo J[no tin.o | [s0.0 | [o.20 |
loff=] I oo 1o | flr.0 I 500 .20

Figure C-5. Third section of “Mixture Factors...” input form (chemical admixtures
section)

o Enter the name of the chemical admixture.

o To define the range for a chemical admixture, enter the min and max values in units of
dosage in liters per kilogram of cement (note that this is L/kg, not L/100 kg!!).

o Enter the specific gravity of the chemical admixture.

» Enter the percent solids (by mass fraction) of the chemical admixture.
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e Enter the cost of the chemical admixture in dollars per liter.
C2.3.6 Specific Instructions for Aggregates

Aggregates include two predesignated types (coarse and fine), and one blank for a user-
designated choice. The user-designated choice may be used for an additional aggregate or fibers.
Aggregates may be defined in terms of volume fraction or mass fraction. Steps for entering
aggregate information (see figure C-6) are as follows:

Aggregates (fibers): specified [byvolume ®1 fraction

To include an aggregate as a variable factor, sslect"On” and enler the requested information {enter min and max valugs as volume or mass fraction). To include an aggregate
as a fixed factor, select"O® and snter a non-zera fixed value as the "min® value. To exclude an aggragate, make sure "0 is selected and the min valus Is zero (defautt).

bulk specific moisture

Type min max gravity absorp. (%) content (%) cost ($ikg)
fine agy 0.2 jJo.a " R7 oo s [0.013 |
sarseagg  f0.2 0.4 2.7 oo o fo.o o fo.o13

oo | o2 k.7 [o.o jo.o IP,;E,ZWQ

Figure C-6. Third section of “Mixture Factors...” form (aggregates section)

o Select how the aggregate range will be defined (by volume or by mass) using the pulldown
menu at the top of the section (see figure 6).

* Enter a name for the aggregate (if the user-defined box is used).

» To define the range for the aggregate, enter the min and max values in units of volume
fraction or mass fraction (depending on the selection made above).

e Enter the bulk specific gravity for the aggregate.

> Enter the absorption of the aggregate (in percent by mass of aggregate).

¢ Enter the moisture content of the aggregate as batched (in percent by mass of aggregate).
o Enter the cost of the aggregate in dollars per kilogram.

C2.3.7 Instructions for Section 4: Additional Information

In section 4, the user enters additional information needed to generate the trial batch

experimental plan. This information includes the number of center points to be run and a
random number seed. Steps for entering this information (see figure C-7) are as follows:
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The fourth step is to provide additional information needed to generate the experimental plan.

Please select the number of center points to use in this study and enter a random number seed
(less than zero) to randomize the run order.

Select number of center points to run:

Random number seed less than zero: |§—3034 i

The final step is to enter a filename (no extengion) to store the mixture proportion information. This should
be the same name that you used when specifying the response variables earlier.

Filename (no extension, eight characters maximam) :

“;uhmit form for resplmsel lﬁle@ all values to dcfauhsl

Return to top of page

Figure C-7. Fourth section of “Mixture Factors...” form (additional information section)

e Enter the number of center points to use in the experiment, using the pulldown menu.
Center points are experimental runs in which all factors are set at the midpoints of their
ranges. The coded values for the low and high settings are —1 and +1, respectively. The
coded values for the center points are zero. Center point mixes are replicated to estimate
pure error and also may be used as control mixes to assess variation over time. It is a good
idea to run at least 3 center points to assess this variation.

s Enter a random number seed (any number less than zero). This is used to generate a
random run order for the experiment.

e Enter the filename in which to store the information. This name should be the same as that
entered in “Specify Responses.” Again, the filename is entered without an extension (COST
adds the appropriate extensions as necessary).

Afier entering the filename, the user may click on “Submit” to submit the information to COST
and generate the experimental plan, or the user may click “Reset” to set all values back to their
defaults (all information entered will be lost).

When “Submit” is clicked, COST processes the input and generates an experimental plan, which
is displayed on the screen. The user should print this plan using the “PRINT” command in the
browser. An example of a portion of an experimental plan generated by COST is shown in
figure C-8.
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Mixture Proportions for datafile- mjsSt1

Run_number | Mix_number | Water CementECcarsa_aggregate Fine_aggregate | Silica_fume | HRWRA ! Cost
(kg/md) | (ke/m) | (kefn®) {kg/m®) kgm® | (kgim®)
1 §27 14879 139064 l51147.50 74333 4101 703 (9371
2 10 177.81 [427.45 11080.00 §575,75 5829 923 110.59
3 14 15427 (36779 121500 167575 50,15 530 99.56
4 §2 16396 (46937 108000 5575.75 64.00 676 118.52
5 12 15240 (36779 1108000 gsmso 50.15 530 99.87
6 5 14625 1417.88 .‘ 1215.00 §675.7s 3145 602 18731
7 1 16825 148541 11080.00 ;‘575.75 36.54 1048 19639
8 15 13152 (31729 (121500 {81090 23.88 457 17397
g 13 15804 {37925 121500 67575 2835 819 82.06
10 iso 14879 139064 114750 74333 4101 703 9371
11 §7 11874 {34672 1121500 81050 26.10 749 78.39
12 16 125,56 {30532 (121500 81090 4164 6.59 89.03
12 137.14 |400.64 ;108000 81090 5463 8.65 106.84
14 186.15 144421 ;108000 167575 33.44 6.40 89.51
15 11 15617 [37925 1108000 81090 2885 8.19 82.06
16 3 14440 1417.88 ;108000 81090 3145 6.02 87.31
17 6 132.00 140064 121500 67575 54.63 8.65 106.84
18 8 11567 133526 121500 81050 4572 4.83 94,69

Figure C-8. Portion of an experimental plan generated by COST

The columns in the printed table shown above correspond to the run number (the order in which
the mixtures should be prepared), the mixture number (the mixture number according to standard
experiment design tables), mixture proportions in terms of the mass of each component per cubic
meter of concrete, and an estimated cost for each mixture based on the individual material costs

provided by the user.

If the plan is not printed immediately, it can be viewed and printed at a later time by selecting

“View Expt Plan” from the main menu.




C2.4 Step 3—Run Trial Batches

The next step after generating an experimental plan is to actually perform the experiment. The
experiment in this case is a set of trial batches from which specimens will be fabricated and
tested for the responses and mixture components specified in steps 1 and 2. Before running the
experiment, steps 1 and 2 must be complete, and the user should have a printed copy of the
experimental plan containing the mixture proportions for the set of trial batches.

When “Run Trial Batches” is selected from the main menu, the screen shown in figure C-9
appears. This screen does not require any input; rather, it provides instructions and guidelines
for running the trial batches. These guidelines are also provided below.

Run the Experiment (Trial Batches)

The next step after generating an experimental design is to actuaily perform the experiment. The experiment in this case is a set of trial batches from which specimens will be
fabricated and tested for the responses and mixture components specified In Steps 1 and 2. At this point you should have completed Steps 1 and 2 and obtained a printed copy ofthe
experimeantal plan (mix proportions for the set of trial batches). Ifyou have not done so, click on the appropriate selections on the |eft hand side bar.

Ityou have completed Steps1 and 2 but have not printed a copy ofthe experimental plan, click hera to view or print a ¢opy of the experimental pian.

Step 3 is the most time-consuming of the 6-step procedure in that you must physically run the exp imental plan and coilect data on the performance variables of interast 1o you,
Running the experiment includes the following tasks:

o ordering and preparing the materials needed for the experiment
o gnsuting that equipment is available and raady for use
e coordinating personnel
@ batching, fabricating, testing and recording data (running the expetiment)
IMPORTANT! (fyou are ready to run the experiment, please read the following sections which dascribe important considerations to keep In mind while performing the experiment

1. Nuisance Factors and Run Segyence Randomization
2. Running the Experiment

1. Nuisance Factors and Run Sequence Randomization
Your expetiment has three types of factors:

o Major factors (variable factors)

o Fixed factors

e Nuisance faciors

The primary goal of your experiment is to determine optimal settings of the major factors that were selected as variable factors in Step 1. You may have also designated some fixed
factors to be held constant throughoui the experiment.

Figure C-9. “Run Trial Batches” screen

C2.4.1 Guidelines for Running Trial Batches

Running the experiment is the most time-consuming task because it involves physically running
the experimental plan and collecting data on the performance variables of interest. Running the
experiment includes the following tasks:

Ordering and preparing the materials needed for the experiment.

Ensuring that equipment is available and ready for use.

Coordinating personnel.

Batching, fabricating, testing, and recording data (running the experiment).

e © © @
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The following sections describe important considerations to keep in mind while performing the
experiment.

(2.4.2 Nuisance Factors and Run Sequence Randomization
There are three types of factors that affect the responses in an experiment:

e Variable factors.
e Fixed factors.
e Nuisance factors.

The primary goal of the experiment is to determine optimal settings of the variable factors
specified in step 1. These are the major factors of interest. Depending on the objective, some
fixed factors may have also been designated. These are less important factors that are held
constant throughout the experiment.

The variable factors and fixed factors are controlled in the experiment. However, in addition to
these, there are other factors that are not controlled in the experiment but which could possibly
affect the experimental results. These are called nuisance factors. It is often assumed that these
nuisance factors do not, or should not, have any effect, but in reality they may have an effect.
Nuisance factors may include the following:

e Mid-experiment changes in instruments, equipment, environmental conditions, (temperature,
pressure, humidity, etc.), measuring devices.

‘e Test procedures/protocols.
e Day of week.
e Time of day.
e Operators.

Nuisance factors may affect the measured test results, which would in turn affect the data
analysis, and ultimately the final conclusions (i.e., the estimated values for the optimal mixture
proportions).

Run sequence randomization is used to minimize the effect of nuisance factors. Experiment
designs are usually generated in a “standard order” based on the settings of the factors. This
order (used by COST in the data analysis) is indicated by the “mixture number” column (column
2) in the experimental plan generated by COST (figure C-8). Run sequence randomization is the
general experiment design technique in which random numbers are assigned to each of the
specified runs in the experiment, and these random numbers determine the order in which the
experiment is to be run (the “run order” or “run sequence”). The experimental plan generated by
COST is printed in run order—the first column of the experimental plan, labeled “run number,”
is the run order to be used for the experiment (figure C-8).

it is very important to follow the run sequence in order to minimize possible error in the
experimental results caused by known or unknown nuisance factors in the experiment.
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C2.4.3 Running the Experiment

The quality and accuracy of the final mixture proportion settings will depend very much on the
care taken in carrying out the experiment. The following is a list of recommended practices:

e Attention to detail, consistency and proper execution in batching, mixing, fabricating, curing,
testing, and recording results are essential.

o For each trial batch, use several (preferably 3 or more) specimens for each test.

e The experimental plan contains 3 or 5 center point runs. These are replicates (repeats of
batches using the same settings) which can be used during the experiment as control mixes.
Scheduling to allow for one control mixture per week is recommended—in this way
significant week-to-week variation can be detected.

o If possible, the same operator should perform the same tasks throughout the experiment.
e Mistakes will inevitably occur even in the best laberatories, and it is important to

acknowledge this and to be prepared to repeat a batch if it is suspected that an error has
occurred.



C2.5 Step 4—Input Results

This section describes how to input experimental results into the COST program for analysis.
The following instructions assume that steps 1, 2, and 3 have been successfully completed.
Within this step, you may perform the following tasks:

e Change cost information (optional).
® review the experimental plan (optional).
e enter or edit the experimental results (data) for analysis (required).

Instructions for each of these tasks are provided below.
C2.5.1 Instructions for Changing Cost Information

Before entering the test results, you may optionally change the costs of the raw materials,

if you have updated information since the project began. Please note that these updates

should be made before entering in the data (test results) as described below; otherwise,

the new costs will not be in effect during the analysis phase. To do so, click on the link “Update
cost information.” You will see a box with the caption “Datafile name”. Enter the name of your
datafile (no extension) in the box, and press the “Submit” button. A form entitled “COST Input
Form: Update Material Costs for ‘DATAFILE’” will appear. Make any necessary changes to the
material costs and press “Submit” to save the changes.

If you make a mistake and would like to reset all costs to their default values, press “Reset,”
before pressing the “Submit” button. If you decide not to change the costs, simply press the back
button on your browser to return to the previous page, or select any entry from the blue menu
sidebar.

C2.5.2 Instructions for Entering/Editing Data

When you are ready to enter your data, click on “Enter or edit data in chronological (run)
order.” You will then see a screen entitled “COST Input Form: Testing Results (Project
Filename).” Enter the project filename (with no extension) and press “Submit.”

The next screen will be “COST Input Form: Test Results for ‘DATAFILE.”” The first part of this
form, as shown in figure C-10, allows you to make changes to the response information that you
entered in step 1 (instructions are the same as for step 1 described previously). If you do not
have any changes to make in the response information, simply scroll down to the second part of
the form.

The second part of the form is for entry (or editing) of the experimental results, or data. The last
two lines in the figure C-10 show two rows of entries for the experimental test results. The first
column shows the run order for the experiment, and the second column shows the mixture
number (these should correspond to the run and mixture numbers in your experimental plan).
The third column is “Cost” (the first response).

C-23



Please supply the following information for your tested mixtures

Response : [cost - is1ump ' |l28-day_str | [1-day_str | [reT
Units [s_wsp) ! fim - [ppa e | [coutombs
Lower limit [l50. 00 Is0.00 50.00 ' {l20. 00 | [100.00
Upper limit 9. 00 - iz00. 00 | [180. 00 ' |l50.00 | lL00o. 00
Result weight |l 00 .00 .00 [i-o0 1200 ?

Weight function type

Run number Mix Number

i - e? L s 72 73,00 ' |s8. 50 | |26.30  [l286. 00 |

2 | o . |r10.59 . [102.00 | Jl60. 40 6.7 | {296.00

Figure C-10. Data entry form for the COST system

IMPORTANT: Because the total cost of each mixture is calculated from the individual materials
costs entered in step 1, the third column contains nonzero entries that should not be changed.

The responses requiring data entry start in the fourth column (one column per response).

e If you are entering results for the first time, these columns will contain zeros. Enter the
appropriate results in these columns for each mixture.

e If you are editing a file you already created, these columns will contain nonzero values.
Perform any necessary editing.

IMPORTANT: As you enter or edit your data, please check the input as you go for typographical
errors and to make sure that the results are entered in the correct columns and rows.

It should be noted that some of the input values shown in figure C-10 are outside of the
acceptable range specified by the lower and upper limits, as will most likely be the case for any
real experiment.

When data entry is complete, you may use the “PRINT” button on your browser to print the
input form.

IMPORTANT: It is highly recommended that you check the printed form for accuracy, and edit
the information if necessary (to edit, simply follow the instructions in this section).

C-24



C2.6 Step 5—Analyze Data

The next step after entering the data is to analyze the results, with the ultimate goal of
determining optimal mixture proportions. The analysis techniques employed by COST consist
of both graphical analysis and numerical analysis (modeling). The analysis is broken down into
10 tasks, which are described in detail below.

C2.6.1 Instructions for Changing Response Information

Before analyzing the data, COST gives the user the option of changing response variable limits,
weights, and function types. To do so, click on “Change response variable limits, weights, and
function types.” You will then be prompted for the filename. After entering the filename, press
“Submit” and follow the instructions in the section “Step 1—Specify Responses.”

C2.6.2 Analysis Tasks

The analysis tasks are listed by the purpose of the task followed by the statistical tool used to
perform the task, as shown in figure C-11. For example, the purpose of task 2 is to “Assess the
Balance of the Design,” and the tool used is “Counts Plot Matrix of Factors.” An example and
explanation of each task and tool is provided below. The output of each task is a GIF file that is
generated by DATAPLOT. The GIF file contains tabular output, graphical output, or a
combination of both.

COST provides both graphical and numerical analysis of your data. The graphical analysis includes various
types of plots which are described below. The numerical analysis includes fitting an empirical model to the
data, verifying adequacy of the model, and numerical optimization.

Performing the fnalysis - Task by Task

Task 1: Characterize the Response Variables
Tool: tistd

Task 2: Assess the Balance of the Design
Tool: rix o

Task 3: Assess Optimality of Design Points for All Respenses Jointly
Tool: Matrix of Counks-in-admissible-region plots

Task 4: hssess Optimality of Design Points for All 4 Responses Jointly
Tool: re ~in- i - io:

Task 6: Determine Interrelationships between Response Variables
A, Tool: Q i Vari
B. Tool:

Task 6: Assess Relationship Between Response Variables & Factors
Tool: i

Task 7: Determine Optimal Settings for Each Factor
A, Tool: i

B. Tool: Best Settings Based on Individual Runs _

Task B: Model Fitting and Verification
A. Tool:

Task 9: Numerical Optimization
&. Tool: Best Settings - Maximization of Total Score Fitted Function

Task 10: Response Prediction
Tool: i

Figure C-11. Analysis menu showing individual analysis tasks
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C2.6.2.1 Task 1: Characterize the Response Variables

This task provides a quantitative summary of the data for each response. The result of this task
is a table of descriptive statistics such as mean, range, and standard deviation for each response.
An example is provided below (figure C-12).

TASK 1: SUMMARIZE THE 5 RESPONSE VARIABLES
DATA FILE = MJSSBE
STAT TOCL: SUMMARY STATISTICS

Y1 Y2 Y3 Y4 Y5 TS
£osy SLUMP E-BAY STR } 28~DAY _STR RCT I0TAL SCORE

PROJECT GCAL § MIN [TARGEI| M I N MAX
SPEC MIN 50 2 2860 | 7150 | 100 | 0.5
SPEC MAX 99 4 1 7150 | 11440 ] 1000 1

DATA COUNT 31 31 31 31 31 31
DATA § IN SPECI 3 15 K 31 31 26
DATA % IN SPEC] 10% | 4B% | 35% | 100% | 100% | B4%
DATA MIN 90.56 | 0.5 | 1867 | 7301 | 160 | 0.4}
DATA MEAN 107.781 2.55 12704.618249.65[319.06) 0.59
DATA MEDIAN §107.71%1 2.5 | 2672 | 8213 | 286 | 0.8
DATA MAX 124.87] 6 3826 | 9782 | 705 | 0.74
DATA RANGE 34.31 | 5.5 | 1959 | 2481 | 545 | 0.33
DATA SD 8. 1 1,6 |430.83{619.95|124.53| 0.0B
DATA REL. SD 8% 63% | 16% 8% 59% | 14%

Figure C-12. Summary statistics table (output of analysis task 1)

The summary statistics provided for each response and the total score (TS) are described in table
C-3 (next page).
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Table C-3. Description of summary statistics provided in analysis task 1

Statistic Description
PROJECT GOAL optimization goal for response
SPEC MIN minimum value specified by user
SPEC MAX maximum value specified by user
DATA COUNT number of data points read(runs)

DATA # IN SPEC | number of runs with response meeting spec

DATA % IN SPEC | percentage of runsg with response meeting spec

DATA MIN minimum response value

DATA MEAN mean response value

DATA MEDIAN median response value

DATA MAX maximum response value

DATA RANGE range of response values (max - min)

DATA SD sample standard deviation

DATA REL. SD SSD relative to mean (coefficient of variation)
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C2.6.2.2 Task 2: Assess the Balance of the Design

This task is a check to make sure that the design is balanced. The result of this task is a plot
similar to figure C-13. Figure C-13 shows a matrix of plots showing the number of design points
(experimental runs) at each setting for all combinations of two factors. For example, the
highlighted box in figure C-13 shows the number of design points for the factors X2 and X3
(fine aggregate and coarse aggregate). There are nine numbers in this box, representing
different settings of the factors. The lower left number indicates that there are 4 design points
that have the setting “-1, -1” (in coded values) for fine aggregate and coarse aggregate. For this
design every set of two factors has the same experimental layout (the sets of nine numbers in
each box are the same). For any design generated by COST, this will always be the case. The
percentage in the upper left corner indicates the correlation coefficient. Ideally, this will be zero.
For any design generated by COST, the correlation coefficient will be zero for all sets of factors,
indicating a balanced design.

TASK 2: ASSESS THE QUALITY OF THE EXPERIMENT DESIGN MJS9BR
TOTAL NUMBER OF DESIGN POINTS {RUNS) = 31
STAT TOOL: COUNTS PLOT MATRIX OF FACTORS
CHARACTER = NUMBER OF DESIGN POINT RUNS
LEGEND = CORR. COEFF. (BEST CC = 0% WORST CC = +/-100%)

X1 By PR PP s PR
W/CR;ATI{) L oo 11 1 E R B s 11 1
q 1 4 4 1 4 L) 1 4 Iy H 4
G& N . . | .
X2:

FINE_AGG LR B B Tt 8 T T
4 1 4 4 1 4 4 1 4
. 0%4 1 4 0% 1 3

X3 »
COARSE_AGG footr i1
4 1 4 4 1 4
0% 1 4

X4:
HEWRA LA A
4 1 4
X5

SILICA_FUME

Figure C-13. Output of analysis task 2 (counts plot matrix of factors)
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C2.6.2.3 Task 3: Assess Optimality of Design Points for All Responses Jointly

The purpose of task 3 is to see how all the responses compare to the specifications for each
design point. Figure C-14 shows the output, which is a matrix of plots comparing each
combination of two factors. In each large box there are nine smaller boxes, corresponding to the
nine possible design settings for two factors. In each smaller box there will be between one and
five numbers, depending on the number of responses being investigated. In the example below,
there are five responses, and thus five numbers. The legend at the lower left of the plot indicates
which number in the small box corresponds to which response (Y1,Y2,Y3,Y4,Y5). Inthe
example below, the large box for X2 and X3 is highlighted, and the small box corresponding to
settings of X2 =0, X3 = 0 is highlighted. The numbers in the small box indicate that for these
settings of X2 and X3, there was 1 response for Y1 that was within the acceptable region, there
were 7 for Y2, 2 for Y3, 11 for Y4, and 11 for Y5. This information allows the user to assess
how well the ranges selected for the factors allow him to meet the desired specifications. For Y1
and Y3, only a few responses met the specification. Therefore, for this set of mixture
proportions, it may be difficult to optimize these responses. A new set of acceptance criteria
could be defined, or different ranges for the mixture proportion factors may be needed. Other
analysis tasks will give the user a sense of which direction the factors must be shifted.

TASK 3: ASSESS OPTIMALITY OF DESICN POINTS FOR MJUS9BR
ALL 5 RESPONSES JOINTLY
2 OF 5 X 31 "POINTS" IN SOME ADMIS. REGION g1 /155 = 59%
% QOF 31 DESIGN POINT RUNS IN ALL ADMIS. REGCIONS = 0/31 = Q%
) STAT TOOL: COUNTS PLCT MATRIX OF FACTORS
CHARACTER = # OF RUNS IN ADMISSIBLE REGION FOR EACH OF THE & RESPONSES
P d P 1 Y CAF - AT T
X1; ¥ " > ™ “‘g"" "
wormo o) 8 BRG] 09 BYED 0¥ TED 5N B9
7] (991 [SF%<7] [} [Fa9%3]  [T7§] 4219431 [T191  [5a
4af  [alg] [elaf] B Bel3al) (Bl 134l
K2 i
FINE_AGG OA| B9 0F 6% T8 59
23 (1 [BEIeT] [T [SENer [T [EEn
2% 'y aalz4al R 348
X3
comseace  (au) W IEY EBF BY
27l [T (Bl [T [5eg
24a; (D] B4l
X4 . -
HRWRA 38 BT
Y1 Y2 373“44 I'gm {3-1'44
Y5 x5:
SILICA_FUME
Y3 Y 4

Figure C-14. Output of analysis task 3 (counts plot matrix of factors)
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C2.6.2.4 Task 4: Assess Optimality of Design Points for All Responses Jointly

Task 4 is similar to task 3 in assessing optimality of design points. For each combination of two
variable settings (e.g., X2 =0, X3 = 0), the percentage of runs falling in at least one admissible
region (for all responses taken together) is shown (see figure C-15). The overall percentage for
all the runs is given in the first text line below the title. In this case, it is 59 percent. The overall
percentage for the number of design points meeting all “n” (in this case, 5) acceptance criteria
for responses is indicated on the second line below the title. In this case, it is zero. The gray
squares over the numbers in the boxes indicate the highest percentage in each box, and the
triangles indicate the lowest percentage in the box. This gives a quick visual cue to the settings
that are best in meeting the acceptance criteria.

TASK 4: ASSESS OPTIMALITY OF DESICGN POINIS FOR MJIS98R
ALL J RESPON‘?ES JOINTLY

1
CHARAC ADMIS. REGION

60 60 60

X9 55 63 50 B0 BD 85
FINE AG Bl U
G 55 60 55 su%’f
so\'{:&as 55‘?{9‘/50 X3 55’»‘{;’75&
50 60 Y 60 58 60 59 50 Q]
6o o COARSE_AGG o v
so fig] 5o so [N 55 [ 55 Y4 53]
B SBW B0 46 60 137 SEW hRWRI,’\ B0 55@
50 60 65 60 60 &5 85 €3 60 70 BD 55

55‘@755 55’\1{}")”55 ¥8:
60 60 60 2 50 58| &8 SILICA_FUME
5160 60 60 60 65 70 5D 55 e

Figure C-15. Output of analysis task 4
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C2.6.2.5 Task 5A: Determine Interrelationships between Response Variables

Figure C-16 shows a matrix of scatterplots showing data for each combination of two response
variables (RVs). The admissible region for each pair of RVs is indicated as a gray box
surrounded by dashed lines. These plots give a sense of relationships between responses and
also a sense of how many points fall in the admissible region (as defined by the performance
criteria set by the user) for each pair of responses. The numbers in the upper left corner of each
box (e.g., 2/31 = 6 percent) indicate the number of responses falling in the admissible region.
The large gray shaded box at the bottom left of the entire plot shows the relative ease or
difficulty of meeting the performance criteria (i.e., falling within the admissible re gion) for
single responses and for pairs of responses.

" N " " . s -~ - pm « o MJSOBE
TASK 5(A): DETERMINE INTERRELATIONSHIPS BETWEEN RESPONSE VARIAg[HS08¢
STAT TOOL: SCATTER PLOT MATRIX OF RESPONSE VARIABLES
LEGEND = % OF THE 31 VALUES FALLING IN THE ADMISSIBLE REGION
1000 2500 4000

S T 7000 8500 1ogng |90 450 300
S737TET5E 7737 = 6% 6/31 = 0% 3731 = 10% 75T TR

' 2 o 130

Y1: S 3 150

CosT o & %{b 20

15731 = 45% 5

YZ: .
3
SLUWP 5
0
15/31 = 35% T1/51 = 358

’ /ﬁf* y 4000

2500

1-DAY_SIR 5% 2500

1600

31/3% = 100%
10000
Y4 9250
- 1 8500
28Dy SR 8500
7000
31737 = 100%
5
RCT

Figure C-16. Output of analysis task 5A
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C2.6.2.6 Task 5B: Interrelationships between Response Variables and Factors

The output for this task (shown in figure C-17) shows the relationship between responses and
factors. In each plot, the response values (Y axis) are shown for each factor level (X axis). The
correlation coefficient (indicating the strength of the linear relationship between Y and X) is
shown in the upper left corner of each plot. The stronger the linear relationship, the closer this
value will be to 1 or —1 (depending on the slope). Examining these plots allows the user to
assess which factors are important (controlling) for each response. The gray shaded boxes at the
bottom of the plot summanze the control factors (left box, percentage indicates correlation
coefficient) and the “weak” factors (right box).

MJSIBR
TASK 5(B): ASSESS RELATIONSHIP BETWEEN RESPONSE VARIABLES & FACTORS
STAT TOOL: SCATTER PLOT MATRIX OF RESPONSE VARIABLES VERSUS FACTORS

PLOT LEGEND = CORRELATION COEFFICIENT (70 MEASURE LINEAR RELATIONSHIP)

=18 2% 4 =S TEY ERE 130
Y1 8 ° 5 s ° @ e ° g 2 b 8 § 1%0
cost ] E § £ 8 2 8 g 110
RS RS N I AN BLE
¥y — 333 75% —
-3 <@ =3 & )
Y2 S BlS a2l g o B el % e a5
Seame A_g 9._.§~§ @‘——E‘~§ a..é...% B_H }
2 ° o & 8 © 8 0'5
~G6.% 7% 3% 7% 6%
....... s e ae--- 14000
3 T - g E é e § 5% |32h0
1-BAY_STR 4 - g_% 3 §~ % g ¥ «é 2508
1000
S LE S, TET 7% BYE 7% 10000
EEF L o PR
Y4 g e % g c § § & 2 8 e Tk 8250
BTk | 5 B : & g 8 8 5 9348
s 7000
39% —13.X -15.% 5% ~73.%
v oy T e ey TS0 800
v g 4
“ e e d|8a |t d| it s
168
¥1: X2 X3 X4 ) 534
W/C_RATO FINE_AGG COARSE_ALS HRWRA SILICA_FUNE
[CONTROL FACTOR: VWEak FacTors: T
CUUUFOR Y1 %B 0 918 CUUFQR Y1: o XY X2 X3 X4
FOR ¥2: X1  46% i © FOR Y2 X2
FOR ¥3: X1 -B6% i FOR Y3: X2 %3 X4 x5f
FOR Y4: X4 57% ! Y OFQR Y4 X1 X7 X3 K5

. FORY5: X5  -73% | : FOR Y5: X2 X3 X4

Figure C-17. Output of analysis task 5B
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C2.6.2.7 Task 6: Assess Relationship between Response Variables and Factors

This task provides an assessment of the relationship between responses and factors by examining
plots of the mean (average) values of the responses at each factor level, Figure C-18 shows the
output for this task. For each response, there is a plot of the mean values at each level of each
factor. The gray shaded boxes indicate the admissible region for each response. Influential
factors are those that have a definite slope (for example, silica fume for response Y1, cost, or w/c
ratio for Y3, 1-day strength). The steeper the slope, the more important the factor. A flat line (or
nearly flat) indicates little effect of the factor (for example, fine aggregate for Y5, RCT).

MJIS98R
TASK 6: ASSESS RELATIONSHIP BETWEEN RESPONSE VARIABLES & FACTORS
STAT TOOL: MEAN PLOTS OF RESPUNSE VARIABLES VERSUS FACTORS

X
“ﬁr———.ﬂb‘—%‘———.’oﬂ*?z 107.78 ': ;ia
" . LR C o ow . om
)
1 - 5
vy, R gt oo W T - i
ot ™ X f AN I%5 e 2.5
SLUMP § & @ & y 1T
o R e 3227.88 s s oo
. - -~ 02 .
Y3 - - -~ - 5%39&1 7o o
s 5 I i -
1-BAY_STR N F2a7e
e e e et e e e e 8744.71 - =Bs o0
B - 8% 50
Y4 : N\ {w‘ o, / raadll LEELRLL - sasco
_ ot . r. - on o
28-DAY,_STR : Z 1795.07 . =g=e
e a e e e e ek ek e s e g ety 461,68 "~‘5°:
v — G 23
Y5 : ')_,’ CN \\\. 315.08 ladind
x ! S 2o e
RCT 18.21 F2 oo
X1 X2 x3 X4 x5
W/C_RATIO COARSE _AGH SILICA_FUKME
FINE_AGG HRWRA

Figure C-18. Output of analysis task 6
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C2.6.2.8 Task 7A: Best Settings for Each Factor Based on Means

This task provides a graphical means of selecting best factor settings based on mean (average)
values of “scoring functions” calculated for each response separately as well as a total score
function (TS). The total score is a weighted linear combination of scores calculated for each
response (the weight given to each response is defined in “Step 1—Specify Responses,” as the
result weight, a value ranging from zero to 1). Figure C-19 shows the output from this task.

The best settings (as coded values) are shown in parentheses on the right side of each plot. The
best setting based on total score are shown in the gray box at the bottom of the plot, in both
coded and actual units. As in task 6, a steep slope indicates a large influence of a particular
factor on the score, while a flat slope indicates little or no influence.

TASK 7(A): BEST FACTOR SETTINGS BASED ON MEAN VALUES MIS9BR
STAT TOOL: MEAN PLOTS OF LINEAR SCORE FUNCTION

(BEST SCORE = ! WORST SCORE = 0)
. - (RN WA VAR LAY L
SCORE FOR { f ¢ ‘ S s
cos . 2 2.
CABE = MIN W =1 {(10.8-1,-135°
R RETTOn [6.3576, 0.2853, 0.4353, C.0057, 0.0247 3 .
M B U .. S, ) 2=
SLUMEP \. e d v 2 E s
CASE=TARGET WT=1 (CAR e
SCORE FOR - C S s
1-3AY_STR PO .S
LG L E s
CASE =HAX W=l (0.4379, 02571, 0.4912, 0.006, 0.0153) [1-0.0,0-11F°
SCORE FOR SPSY S 3 2
JB~DAY_STR M I 3 g:g°2
-l - f<
LASE=MAX wrT=1H[6.4328, 0.2571, 0.4071, §.0051, 0.0153) (1,-1,-1.,~1,-1.1F ©
Lo
SCORE FOR pvo—voreee S
RCT 5 -
CABE = MIN w110 (0.3576, 07653, 0.4353, §.0051, 0.0247) SRR
- 1
TOTAL SCORE SrwSetewt s Seeee® 3 § : % -
(03578, 0.2853, 0.4353, 0.0051, 00247} CIRATENI L

X1 X2 X3 X4 XD

W/l _RATIO COARSE_AGC SiLila FUKE

FINE_AGE HRWRA
BEST SETTINGS (BASED ON MEAN TOTAL SCORE}
CODED {X1,X2, %3, %4, X8)=(~1., 1, 1, ~1., 1)

ACTUAL {X1,X%2,%3 X4,X5)=(D.3576, D.2B53, 0.4353, 0.0051, 0.0247}

Figure C-19. Output of analysis task 7A

C-34



C2.6.2.9 Task 7B: Best Factors Based on Individual Runs

This task produces a plot (figure C-20) showing the best settings for total score (weighted linear
combination of scores for individual responses) based on individual runs. The total scores for
each run are calculated, sorted (lowest to highest) and plotted along the X axis. The Y axis is
used to differentiate between the individual runs. Each run is indicated by its number in the
experimental plan, and the coded values of each factor are provided in parentheses on the right.
These values are staggered for readability. The topmost number has the highest total score.

TASK 7(B): BEST FACTOR SETTINGS BASED ON INDIVIDUAL RUNS  wMJS98R

STAT TOOL: RANKED SCORES PLOT AND LIST
{BEST SCORE = 1 WORST SCORE = D) PL0T CHARACTER = RUN SEQUENCE ID

IR I
g ? X ! (1=t~ t=1.,1)
£,0,0,0,13
16 f-1u-1o1,01)
11 {1~1,1,-1..1)
L [otdim tam 1= 1)
B (=11, 1,1,-1)
17 {-1.,0,0,0.6}
23 {¢.0,1,0.0} ) )
% ARERE)
13 {1.1.-—}.,—1,'”
A (=10=To=1o0=1.}
73 {6,0,0,-1.,0}
[T (0,0,0,8,-1.}
1% {11 -5~} ) .
A , [ttt et~ 1.}
§ {~1,1,-1,11)
7 : (0.0,,9,0)
3 ©{6,0,0,0,0)
31 . {0.0,0,0.0)
30 : {¢.0,0,0.0} =1t m 1)
o D {0,1,0,0,0) :
s : (0,~1.,0,0,8)
51 D {0,0,-1.,0,0)
74 ; , (0,0,0,1,0)
8 N {1.0.0,0.0}
28 . 13,0,0,0.0}
i D110
18 : s (1,1,~§.,‘a,*1.)
s S CL UL T R e

1 | T | ! ] T I ¥ l L] ] T I T ' T f T
0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

TOTAL SCORE

BEST SETTINGS {BASED ON BEST RUN om OF THE 31)
CODED (X1,X2.X3.X4.%5) = {~1.,1.1,~1..1)

ACTUAL {X1,X2,%3,%4,X5)={0,3578, 0,2853, 0,4353‘ 0.0051, 0,0247)

Figure C-20. Output of analysis task 7B
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C2.6.2.10 Task 8: Model Fitting and Verifications

In this task, an empirical mathematical model is fitted to the data for each response, and to the
total score, using the standard regression methods (least squares). A full quadratic model is fit
initially, and then reduced by eliminating terms with significance level less than 0.05. When the
task is selected, the response to be fitted is selected using a pull-down menu. In addition to the
response variables (up to five), a model may also be fitted to total score. For a complete analysis
of all responses, task 8 must be thus executed multiple times, once for total score and once for
each response variable. Output similar to figure C-21 is produced for the each selected response
variable. The cutput provides a plot for the response as a function of each factor, showing all
response data for the coded values of each factor. These plots may indicate trends (see for
example, the plot for silica fume in figure C-21, which indicates a downward trend in RCT test
results with increasing silica fume). In addition to the plots, a summary box of the important
terms in the model is provided to the right of the second row of plots, and the actual model is
printed below the plots. The model is in terms of CODED values (the model can be translated to
actual factor values). The model can be used to predict the response values for settings other
than those used in the experiment (but within the experimental space)}—a calculator for doing
this is provided in task 10.

RESFPONSE VARIABLE 5 @ RCT

W/C_RATIO FINE_AGG COARSE_AGS

a0 800 50
10 % ™ X 0 X
50 £00 . gt
s " X
560 g sn0 ] ¥ . 9 5004 % ) ;
860 § 4004 X 4004 X %
500 g somg : 300 g i
260 g 200 S k ; E
160 100 109

5 0 8s i “U0% 0 06 A1 .05 405

PLOT ¥ X1 BLOT ¥ X2 MOT Y XS
HRWRA SILICA_FUME
810 800
200 % 7004 X
560 600 N
W TANT TES

500{ % X swid FORTANT RS

X X § X o
1] ¥ ¥ 400 ¥ x5 X1
oy § 300{ % E
w0y 7 200 - g
160 100

05 b 08 U3 0 04 |

PLOT Y X4 aLoT Y %5

y = 319.0B46 — 117.0556 X5 + 52.83534 X1

Figure C-21. Output of analysis task 8 (for response RCT)
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C2.6.2.11 Task 9: Numerical Optimization

This task uses numerical optimization techniques to identify the optimal settings for total score,
over the entire experimental space. This optimization is performed during the model fitting for
total cost in task 8, so when task 9 is executed, the COST system simply returns a table

indicating the best settings as determined by the numerical optimization, as shown in figure C-
22.

Results for Mixture mjs98e
Optimization Determined by Numerical Optimization
Units are the sama as those used in the spacify mixtures form previously -
Aggregates are interms of volume or mass fraction (as previously selected by user)
Mineral admixtures ave in terms of percent cement mass replacement
Chemical admixtures are in terms of liters per kg of cement

Vaxfiable - Qptirvam
"Wic vatio | D876
- fineape 1 (.2712
'cﬁom‘sedggg} 0.4021_,.
HRWRA -1 g.0081

Silica fume | 0.0228

Above optimization performed by DATAPLOT

Figure C-22. Output of analysis task 9
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C2.6.2.12 Task 10: Response Prediction

As shown in figure C-23, this task provides a calculator for predicting response values using the
models from task 8. The user enters values for each factor (in terms of actual values) and the
program calculates the responses and the total score. Calculations can be performed for up to 10
different combinations of factors.

Prediction of Responses

Fill in the x—values under the colummns with black titles and the calculated responses will appear under the magenta headings. Press the Update Calculations button to
calculate for the shown initial values.

] EE
-

——1.619999: —1‘1“13.1713‘4 -11 613874
—1113.1;113

Figure C-23. Calculator for predicting responses based on models



C2.7 Step 6—Summarize Analysis

This step simply returns a table summarizing the three different optimum settings (from analysis
tasks 7A, 7B, and 9) determined by the COST system, as shown in figure C-24.

Summary of Results for Mixture mjs98¢

Variables examined:

w/e_ratic fine_agg coarse_agy HRWRA Silica_fune
Responses evaluated:

Cost Slump i-day_Str 28-day_str RCT

Optmum Settings
Units are the same as those used in the specify mixtures form previcusly
Agpregates are In terms of volume or mass fraction (as previously selected by user)
Mineral admixtures are in terms of parcent cement mass replacement
Chemical admixtures are in terms of liters per kg of cement

: ‘- Mean Individual ‘| Numerlcal }
Varlable Values Runs Optimization
Opdnuim | Optirum: | Optinmm
: : - selting “setting settng .
wic raty. 83200 - | 03576 0.3576
- Ein’e'_ag;gf - 10,2883 0,285 0.2712
coarse agg | . 0.4353 0.4353 0.4071
4 0.0051 0.0031 0.0051
0.0204. 00247 0.0228

Figure C-24. Example summary returned by the COST system
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